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1 Introduction
Abstract
Current European energy markets are significantly influenced by a strongly growing
share of highly volatile renewable electricity generation, not only changing the absolute
level and structure of electricity prices but also leading to an increased demand for
conventional generation flexibility to compensate supply and demand variations. Stan-
dardised reserve energy products provide an established way to trade such flexibility,
however imposing additional operational constraints on the involved generation port-
folios. This enforces the ability of utilities to derive values and sensitivities of their
asset portfolios subject to external reserve requirements in order to manage market
price risks and perform state of the art portfolio optimisation.
In this thesis we adopt the Proxy Simulation Scheme (PSS) method of Fries and
Kampen (2007) – originally developed with a focus on fixed income markets – for the
rolling intrinsic valuation of stylised power plants subject to complex technical con-
straints. Thereby we succeed to overcome well known numerical performance issues of
standard Monte-Carlo approaches and are able to derive robust Monte-Carlo portfolio
sensitivities with respect to the underlying price of electricity of both first and second
order (∆ and Γ). We employ electricity prices that are affected by a strong photovoltaic
production to take into account the current reality of energy markets in Europe. To
our knowledge this application of the PSS methodology to energy related real option
valuation has not been presented in academic literature before.
Based on this approach we are able to analyse the impact of technical constraints
including minimum up- and down-time and externally imposed reserve requirements on
the risk profile of stand-alone power plant options in detail. We confirm the quality of
our results via backtesting with a Delta-Gamma hedging framework and a Taylor series
approach to replicate single step probability densities of option values via numerically
derived sensitivities.
Furthermore we evaluate and discuss a variety of power plant option portfolios in-
cluding technically more flexible and inflexible portfolios as well as larger and smaller
portfolios. Thereby we are able to analyse the impact of reserve requirements on differ-
ent portfolios allowing us to provide a complete value and risk assessment of varying
levels of reserve requirements in each portfolio context.
Finally we compare portfolio results of simplified and numerically more cost efficient
option dispatching rules with the full rolling intrinsic approach as applied otherwise
throughout this thesis.
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1.1 Modern electricity markets require flexible
generation assets
Commencing in the late 1980s in Europe the electricity market liberalisation enforced
utilities to optimise their generation assets in a new market environment which is char-
acterised by increasing competitiveness and highly volatile market prices for electricity
and fuel commodities including hard coal, gas and EU emission allowances. In addition
a second fundamental market change has been initiated in the late years of the last
century. Driven by favorable subsidy regimes large amounts of renewable electricity
generation capacity flooded the European energy markets that traditionally relied on
centralised fossil fuel fired power plants. Figure 1.1 shows this development exemplary
for the German market where already today the aggregated renewable capacity is in a
range comparable to the system peak demand.
In contrast to controllable conventional plants the electricity production of renew-
able generation assets depends on exogeneous factors on different time scales. An un-
expected fog or snow cover on photovoltaic modules typically leads to significant elec-
tricity supply variations within hours or even quarter hours while a complex weather
pattern may lead to unpredicted wind fluctuations within days. An unexpectedly dry
winter can impact the amount of hydro electric generation during an entire season and
global meteorological phenomenons like El Nin˜o (Glantz (2001)) or North Atlantic os-
cillation (Vicente-Serrano and Trigo (2011)) even affect renewable production rates of
several years. The comparably volatile energy output from renewable generation assets
impacts both system stability and the characteristics of electricity prices in central Eu-
rope to an increasing extend as the growth rate of renewable capacity is continuously
high.
In combination with historically low coal prices putting pressure on wholesale elec-
tricity prices this leads especially in Germany to a situation, where a large share of the
existing highly flexible conventional generation capacity (in particular gas fired power
plants) is no longer economically viable – while the system is affected by large amounts
of highly volatile electricity supply at the same time. The need of a stabilizing factor
to ensure security of supply enforces the availability of dedicated controllable capacity
that is able to quickly ramp up and down electricity generation in order to react to
short term supply and demand fluctuations.
1.2 Reserve products provide an established way to
trade flexibility
Similar to the evolution of flexible generation capacity financial markets have developed
products that reflect this flexibility. An established measure to incentivise the provi-
sion of flexible assets is the auctioning of reserve capacity which is typically steered
by the transmission system operators (e.g. regelleistung.net (2014)). In these mar-
kets multiple reserve products are frequently traded that supplement each other and
typically act on different time scales (e.g. Swider (2006)). Primary and secondary
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Fig. 1.1: Historical development of renewable generation capacity in Germany (gray: hydro, green:
biomass & pre-mature technologies, blue: wind, yellow: photovoltaics) according to Ar-
beitsgruppe Erneuerbare Energien - Statistik (AGEE-Stat) (2013) in comparison to aver-
age base demand (Deutscher Bundestag (2012), Wirth (2014)) and peak demand (Winkler
et al. (2013), Bundesministerium fu¨r Wirtschaft und Energie (BMWi) (2014)).
reserve capacity is exercised within seconds and in combination with tertiary reserve
rebalances the system for a time period of up to one hour. Longer balancing require-
ments are then served via intraday trading or long term reserve capacity contracts for
unplanned outages. Reserve products can usually be divided in two classes: positive
reserve requires an additional production of electricity while negative reserve requires
a reduction of electricity production.
A utility can offer pre-qualified controllable capacity into reserve auctions, typically
at a pre-defined price for capacity and another price for produced electricity in case the
asset is actually exercised. This imposes new constraints on the holder of the respective
power plant portfolio: at each point in time the portfolio must be able to ramp up
(or down) its electricity production according to the associated reserve contracts. As
this usually has to be carried out in a short time frame, an asset providing reserve
typically cannot be shut down and must be running at least at minimum stable load
as up ramping would take too long. This obviously reduces the flexibility of the entire
portfolio and therewith affects its value and its risk profile. An additional complexity
arises as the impact of reserve requirements is not identical for all asset portfolios.
Large portfolios are impacted not in the same way as smaller portfolios, rather inflexible
assets show a different behavior than more flexible assets and the electricity production
costs of individual assets also have a relevant impact.
1.3 Sensitivities are needed for generation portfolios
subject to reserve requirements
In order to manage market price risks, be able to price reserve contracts adequately
and to perform state of the art portfolio optimisation it is thus crucial for utilities
to understand both value and risk profile of their asset portfolios including reserve
requirements in detail.
The price risk profile of a portfolio of conventional power plants is most commonly
expressed and managed via the portfolio sensitivities Delta (∆) and Gamma (Γ). These
3
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sensitivities are defined as the first and second order derivative of the portfolio value
with respect to an underlying price, which can be the forward price of electricity for
a respective time period or any required tradable fuel type (e.g. hard coal, gas, oil or
emission certificates). A profound knowledge of these sensitivities enables utilities to
hedge their operating result against price fluctuations.
Technical constraints of physical assets require numerical
approaches for the calculation of sensitivities
Usually the calculation of derivatives of the portfolio value with respect to an underly-
ing requires knowledge of the portfolio value itself. In case of complex real options like
conventional power plants simple discounted cash-flow (DCF) models cannot be used
to derive a deterministic portfolio value as extrinsic value contributions (time value)
need to be taken into account. This is confirmed by Brajkovic (2010) who compare
DCF approaches with real option valuation explicitly for dark spread options (i.e. hard
coal fired power plants) or by Borchert and Hasenbeck (2009) who compare DCF with
real option valuation of a spark spread option (i.e. a gas fired power plant).
If closed-form expressions for the real option value of power plants are available they
have the great advantage that sensitivities can either also be expressed by closed-form
formulas or the numerical determination of derivatives is very cost effective as the
underlying value is explicitly known. The academic literature provides many elegant
approximations of the value of financial spread options, e.g. the famous work by Car-
mona and Durrleman (2003), closed-form values for spark spread options by Benth and
Saltyte-Benth (2006) and closed-form solutions based on Fast Fourier Transformation
by Carr et al. (1999) and Hurd and Zhou (2010). An entire risk assessment including
sensitivities is published by Deng et al. (2008). Deng et al. (2001) work both on an-
alytical value approximations of spark spread options and gas-fired power plants and
Bo¨rger (2014) derive an analytical expression for the lower bound of multi-asset op-
tion prices including sensitivities. However in all cases the analysed options are rather
stylised and do not include the full amount of technical requirements of real power
plants.
In contrast the technically possible dispatch of physical power plants must fulfill a
variety of technical constraints within the most prominent ones are minimum stable
load, maximum load, minimum amount of time the plant needs to run after it has
been started (minimum up-time), minimum time the plant needs to stay offline after
it has been shut down (minimum down-time), start-up costs, ramp rates and must-
run conditions. Figure 1.2 provides an exemplary dispatch of a constrained power
plant options for a deterministic power price curve in order to demonstrate the impact
of minimum up-time and load constraints. These plant specific constraints lead to
temporal interdependences between dispatch decisions of the plant at different points in
time (time coupling effects) which typically prohibit to specify closed form expression
for the associated value or sensitivities. In addition a portfolio can be subject to
external constraints affecting several power plants at the same time. This is especially
true for external reserve requirements which must be fulfilled by the entire portfolio.
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Fig. 1.2: Optimal dispatch of a technically constrained power plant options (minimum up-time of 8
hours, minimum load of 0.3, maximum load of 1.0) for a deterministic hourly power price
curve quoted in e/MWh.
Such global portfolio constraints lead to interdependencies between dispatch decisions
of different plants in combination with time coupling effects and further complicate
approximations of values and sensitivities.
As closed-form solutions are usually not an option numerical approaches are required
to derive the optimal dispatch of power plant portfolios. In the literature this task is
well known as a version of the unit commitment problem (UCP), typically implying
the solution of a mixed integer problem sometimes in combination with a stochastic
dynamic programming framework. A good overview about the numerical implemen-
tation of different technical constraints is given in the following exemplary selection of
academic work. An early paper has been presented by Yan et al. (1994) who optimise
hydroelectrical generation assets. Rebennack et al. (2009) formulate short term UCPs
for a public power service in the liberalised market as well as for the entire German
electricity system (Rebennack et al. (2010)), however without explicit treatment of
reserve requirements. Palmintier and Webster (2011) and De Vos and Driesen (2012)
take reserve requirements into account and Va´zquez (2006) even present an approach
to derive the optimal amount of reserve capacity for a given system. Faria and Fleten
(2011) use stochastic dynamic programming to determine an optimal bidding strategy
of highly flexible assets into the day ahead Norwegian power market.
However in order to derive the expected value of a portfolio of power plant options
it is mandatory to not only derive an optimal dispatch and payoff for one underlying
price realisation but instead for multiple paths covering the entire space of possible price
realisations. The classical Monte-Carlo (MC) approach in this context is to define an
appropriate price process first, generate random price realisations for which dispatch
and payoff are derived and calculate the expected value as the average of all payoff
realisations. Hereby different ways are known to derive the dispatches, namely least
squares Monte-Carlo, stochastic dynamic programming or rolling intrinsic valuation.
All methods are regularly applied in current literature. Longstaff and Schwartz (2001)
first proposed the concept of least squares Monte-Carlo for generic options before
it was extended towards real option valuations (Boogert and de Jong (2007), Deng
and Xia (2005)). Tseng and Barz (2002) use stochastic dynamic programming for
technical short-term generation asset valuation while Eichhorn et al. (2010) combine
the framework with so-called risk functions. Bjerksund et al. (2011) use a Heath-
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Jarrow-Morton (HJM) price dynamic in combination with rolling intrinsic optimisation
in order to derive the expected value of gas storage facilities.
Especially the rolling intrinsic approach is highly flexible, able to cover various price
processes of different complexity as well as technical constraints while remaining in-
tuitive at the same time. It essentially replicates the behavior of a trader who bases
each next dispatch decision only on the optimal intrinsic dispatch of his assets in the
context of currently available market information. Hence the rolling intrinsic valua-
tion approach is not biased by the well-known perfect foresight error and has a high
acceptance within both academic community and practitioners. For these reasons we
use this approach throughout this thesis.
Standard finite difference Monte-Carlo sensitivities are restricted
by insufficient numerical performance
The standard Monte-Carlo approach to calculate sensitivities uses the rolling intrinsic
framework in a first step to derive the option portfolio value for a given set of forward
prices. In a second step the same framework is applied to calculate portfolio values for
a series of perturbed initial forward curves where one individual forward price has been
shifted upwards or downwards. In a third step finite difference (FD) approximation
is used to derive estimations of the first and second derivative of the portfolio value
with respect to each shifted forward price. These are approximations of ∆ and Γ. The
approach is sometimes called bumping the model.
Assuming the usage of central differences this method requires the calculation of
2m + 1 Monte-Carlo portfolio values for m sensitivities. In the context of portfolio
management for power plants the number of requested sensitivities can easily be in
the order of days per month, weeks per quarter or even more, as usually sensitivities
are required for all underlying prices including various fuels. In addition the price
of electricity may consider base load and peak load products which further increases
the complexity. Each of the 2m + 1 portfolio values requires the calculation of n
Monte-Carlo dispatch and payoff realisations which themselves include the solution of
multiple mixed-integer optimisation problems in case a rolling intrinsic approach is
applied. Taking into account the computational time needed for solving only one of
these complex optimisation problems, the standard Monte-Carlo approach is typically
not applicable to derive portfolio sensitivities up to second order (e.g. Γ) as it lacks
the required numerical performance.
Also pathwise and likelihood ratio methods show significant
limitations
The standard finite difference Monte-Carlo approach for the calculation of sensitivities
is sometimes referred to as an indirect method as sensitivities are approximated via
differences of Monte-Carlo values which have to be derived in a first step. This can
lead to numerical instabilities in case of discontinuous payoff functions and the results
are generally biased due to the FD approximation.
6
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Two further classes of Monte-Carlo methods have been discussed extensively during
the last years both trying to overcome some of the restrictions of the standard method:
the pathwise method and the likelihood ratio method. Both methods can be charac-
terised as direct methods as they aim on using direct estimators of sensitivities instead
of ex-post approximations. Thereby re-simulations of shifted initial forward curves
are not required and both methods show a numerical cost advantage with respect to
standard FD Monte-Carlo. In addition both methods are able to provide unbiased
estimators. However they differ significantly within their numerical approach.
Pathwise method The pathwise method starts from a known path-wise relation be-
tween the payoff of a financial product and the parameter for which its sensitivity shall
be calculated. In case of ∆ and Γ this parameter would be an initial forward price.
From this relation it is generally possible to derive unbiased path-wise estimators of
the requested sensitivities. These path-wise estimators allow then to derive MC esti-
mators for both value and sensitivities of the financial product by using the same MC
price and payoff realisations. A comprehensive overview about the pathwise method
is provided by Glasserman (2003) and Giles (2007). Papatheodorou (2005) applies it
for the valuation of exotic options while Giles and Glasserman (2006), Capriotti and
Giles (2010) and Capriotti and Giles (2012) combine the method with adjoint deriva-
tive computations. Lyuu and Teng (2010) work on approximations for discontinuous
payoff functions.
Even though this method has advantages there are also some significant limitations
that hinder its usage for the calculation of sensitivities of portfolios of real options like
power plants. To our knowledge there is usually no relation available between initial
forward prices and path wise payoffs of these complex options, which the method
requires for each individual option. This limits the method significantly as it would
need to be combined with a FD approach on a path wise level leading effectively to
the same amount of MC simulations as required for standard Monte-Carlo. Finally
the pathwise method is typically not applicable for the estimation of second order
derivatives like Γ (Boyle et al. (1997)).
Likelihood ratio method In contrast to the pathwise method the likelihood ratio
method starts with known relations between probability densities of price realisations
and the parameters for which sensitivities shall be derived (Broadie and Glasserman
(1996)). Based on these relations weight functions are defined for all required sen-
sitivities which – in combination with available payoff realisations – serve as direct
Monte-Carlo estimators for the value of the sensitivities. Thereby the likelihood ra-
tio method is effectively an application of Malliavin calculus (Fournie´ et al. (1999),
Montero and Kohatsu-Higa (2003) and Benth et al. (2003)) which is characterised by
optimal weighting functions (Benhamou (2003), Chen and Glasserman (2007)).
Similar to the pathwise method there is no need for re-simulations as both value and
sensitivities can be derived by using the same Monte-Carlo realisations. The likelihood
ratio method is able to deal with both second order derivatives and discontinuous
payoff functions as it only relies on the associated probability densities which are
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typically smooth enough (i.e. Lipschitz continuous, Glasserman (2003) and Shapiro
et al. (2009)). However this feature can also be a disadvantage whenever in depth
analytical knowledge about the probability distribution is not available. Unfortunately
this is commonly the case for complex energy related price processes. In addition the
likelihood ratio method provides typically lower convergence rates than the pathwise
method if both are applicable. For specific problems it is possible to combine both
approaches (Giles (2008)) but to our knowledge there is no consistent solution available
to deal with the above mentioned restrictions for a general application in the energy
related context.
In practice solution for robust Monte-Carlo sensitivities: Proxy
Simulation Scheme method
In this thesis we overcome these problems by using the Proxy Simulation Scheme (PSS)
method as first presented by Fries (2005), Fries (2006) and Fries and Kampen (2007)
for complex interest rate options in the context of the Libor Market Model. This
method is effectively a likelihood ratio method applied on the level of the numerical
implementation, i.e. after the system describing stochastic differential equation (SDE)
has already been discretised and is thereby well suited for computational mathematics.
At this stage all discrete step-wise probability density functions (PDF) are explicitly
known per definition which allows to derive weight functions for all required sensitivities
based on simple finite differences directly applied on these densities.
The Proxy Simulation Scheme method combines all advantages of the likelihood
ratio method with a general applicability whenever a SDE has already been numeri-
cally implemented. The sensitivity weight functions can be calculated on the fly and
similar to likelihood ratio and pathwise methods no additional Monte-Carlo realisa-
tions are needed for the calculation of an arbitrary number of sensitivities. Therefore
the PSS method can be added to each existing Monte-Carlo valuation framework as
an additional module which derives the associated weight functions for all requested
sensitivities. Apart from including this module it is not necessary to change anything
within the valuation algorithm itself which can be a great advantage for practitioners.
Due to the implied FD approach all PSS Monte-Carlo sensitivity estimators are
generally biased. However as the finite differences are applied on step wise probability
density functions which are usually sufficiently smooth, very small shift sizes can be
chosen to minimise the bias while the Monte-Carlo convergence is fairly robust against
changes of the shift size.
Since its development the PSS method has been extended for specific problem sets.
Fries (2007b) combine the general method with a pathwise approach and Fries and
Joshi (2008) include importance sampling for advanced handling of financial products
with discontinuous payoff functions. Chan and Joshi (2011) focus on minimizing the
variance of applied Monte-Carlo weights (also Chan and Joshi (2012a) and Chan and
Joshi (2012b)).
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1.4 Main contribution and results of this thesis
In the following paragraphs we give a focussed overview about the main results of this
thesis. Section 1.5 complements this summary by a structural outline of all chapters.
Application of the Proxy Simulation Scheme method in an energy
related framework
After an introduction into the key characteristics of the Proxy Simulation Scheme
method and a comparison to standard Monte-Carlo approaches including finite differ-
ences, pathwise and likelihood ratio method (chapter 2), we explain in detail how the
Proxy Simulation Scheme method – originally developed with a focus on fixed income
markets – is implemented in order to derive approximative values and sensitivities
(∆ and Γ) of stylised power plants in a portfolio context (chapter 3). Thereby we
enable the reader to apply this method with minimal additional effort and close the
current gap between more theoretically focused literature and the need of industry
practitioners.
Our numerical implementation combines the PSS approach with a rolling intrinsic
mixed integer optimisation valuation framework to derive dispatches and expected
payoffs of portfolios of technically constrained power plant options subject to external
reserve requirements (section 3.2.1). We apply an hourly structure of the price of
electricity that is influenced by strong photovoltaic power generation which significantly
reduces prices of midday hours (section 3.1.4).
We present a thorough validation of our numerical setup (chapter 4) which assesses
the technical functionality of the mixed integer solver as well as expected features of
the Proxy Simulation Scheme method including Monte-Carlo convergence rates and
the dependency of results on shift sizes and the alignment of forward price paths.
To our knowledge this is the first work that applies the Proxy Simulation Scheme
method in an energy related context. We show in detail how to derive robust sensi-
tivities of power plant portfolios with respect to the underlying price of electricity and
assess the value of flexibility of these portfolios. Our methodical approach is well doc-
umented and can be implemented as a robust add-on to existing Monte-Carlo pricing
algorithm being used in the energy industry.
Impact of technical parameters and reserve requirements on
stand-alone power plant options
As a preparation for more complex portfolio analyses we provide a comprehensive
assessment of the impact of technical constraints and reserve requirements on the
value and sensitivities ∆ and Γ of stand-alone power plant options (chapter 5). Hereby
we focus on variations of minimum up- and down-times, option strike prices and the
amount of applied positive and negative reserve requirement. We link our observations
to developments of average hourly option dispatches in order to create a thorough
understanding of associated operating modes for different combinations of technical
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constraints and reserve requirements.
Even the single option setups can sometimes yield rather counter intuitive results.
Higher minimum up- and down-times lead to lower weekday values and higher weekday
Deltas of the power plant options due to increased technical constraints affecting the
option dispatch. However the same increased constraints also lead to higher Gammas
on weekdays (sections 5.1.1 and 5.1.2) – which is surprising as Gamma is often referred
to as a measure for the embedded optionality (or flexibility) of a portfolio. The effect
can be explained by a dispatch analysis revealing that blocks of consecutive hours
where the respective power plant option is dispatched are closer at-the-money for
higher minimum up- and down-times.
In contrast the impact of positive and negative reserve imposes a strict must-run
condition on stand-alone options which intuitively leads to a general reduction of both
value and Gamma (section 5.2). Delta is decreased for increased positive reserve re-
quirement and increased for increased negative reserve requirement as the latter leads
to a must-run condition at comparably higher absolute levels.
In order to assess the quality of the Proxy Simulation Scheme sensitivities we apply a
full Delta-Gamma backtesting hedging framework (section 5.4) as well as a Taylor series
based replication of probability densities of single step option value changes (section
5.5). Both approaches confirm the high quality of the PSS sensitivities and clearly
demonstrate their superiority over a simplistic hedging approach based on expected
dispatches instead of numerical Deltas.
Impact of reserve requirements on value and sensitivities of power
plant option portfolios
We start our portfolio analysis with a transition from a stand-alone power plant option
subject to a minor positive reserve requirement towards a portfolio of multiple iden-
tical options subject to the same reserve requirement by dividing the original option
successively in two, three and five pieces (section 6.1).
On the portfolio level all results react very intuitively: the growing fragmentation
leads to increasing portfolio values, decreasing portfolio Deltas and increasing portfolio
Gammas due to the growing ability of the portfolio to adapt to the imposed must-run
condition of the reserve requirement. In this case Gamma can clearly be interpreted
as an indicator of the portfolio flexibility.
However the PSS method also provides values and sensitivities of all individual power
plant options and thereby gives more insights into complex intra-option dependencies
compared to aggregated portfolio results. Thereby we are able to observe negative
Gamma results for certain options on weekend days (e.g. section 6.1.2) which is a
surprising finding as long option positions are typically characterised by positive Gam-
mas. This effect can be explained via distinct dispatch regimes that occur on days
with comparably low prices and which merely depend on the realised price structure
in combination with historical dispatch decisions. It is a first indication for a reserve
induced ranking between different options within the same portfolio leading to a clear
allocation of long and short option characteristics to individual options.
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Fig. 1.3: Daily results for a time period of two weeks of all three options of the unflexible option
portfolio subject to heavy reserve requirement Respos = 1.0 (dashed lines, gray areas indi-
cate 95% confidence intervals) in comparison to analytical results of fully flexible options
(solid lines). Option 1 has the lowest strike price and option 3 the highest strike price.
After this introduction to portfolio interdependencies we continue with an in depth
analysis of three option portfolios that similarly include at-the-money and out-of-the
money options but differ in the level of technical constraints of these options (section
6.2): the flexible portfolio includes options with comparably low minimum up- and
down-times, the split flexible portfolio includes the same options but each split in two
identical smaller parts and the unflexible portfolio contains options with significantly
higher minimum up- and down-times. We compare results of all portfolios subject
to an increasing level of positive reserve requirement in order to identify structural
deviations between the different setups.
As long as the reserve requirements are small in comparison to the overall load flexi-
bility the cheapest option of the flexible portfolio, which is at-the-money on weekdays,
serves the major part of the reserve requirement (e.g. section 6.3.2). The other options
are rarely affected only in hours with comparably high prices. This changes for a heavy
reserve requirement where a clear pecking order between options with different strike
prices can be observed (e.g. section 6.3.3). More expensive options are dispatched in
the portfolio context only in case it is more economically attractive to re-allocate re-
serve serving from cheaper options to these more expensive options in order to run the
cheaper options at full load. Thereby more expensive options effectively act as short
options which are dispatched by cheaper options whenever this is beneficially in the
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portfolio context. This interdependency is confirmed by negative values, Deltas and
Gammas of these options classifying them unambiguously as short option positions.
The short option characteristic of the most expensive options is even more pronounced
in the unflexible portfolio than in the flexible portfolio as stricter technical constraints
lead to higher effective strike prices of these options (section 6.5). Figure 1.3 shows the
general effect using the example of the unflexible portfolio subject to a heavy positive
reserve requirement.
On a portfolio level the unflexible portfolio shows lower average weekday values in
the absence of reserve requirements than the flexible portfolio due to higher technical
constraints of all involved options. Remarkably even though starting from a lower
value, the unflexible portfolio loses more value than the flexible portfolio when the
reserve requirement is increased to a medium level (section 6.6). This changes for an
additional increase to heavy reserve requirements where the unflexible portfolio looses
significantly less value than the flexible portfolio until both portfolio values finally
converge at a level of reserve requirement, that imposes a must-run condition on all
individual options of both portfolios. This nonlinear development is explained by using
the concept of online ratios, which denote the proportion of hours with comparably low
prices when a certain option is running in the total amount of hours with comparably
low prices.
On weekend days all options of the flexible and the unflexible portfolio are similarly
deep out of the money. Hence any applied reserve requirement is served by the most
cost effective options with the lowest strike prices, which are identical in both portfolios.
Therefore the portfolios show similar results independently from different technical
parameters of the individual options on weekend days.
In comparison to the flexible portfolio the split flexible portfolio usually yields higher
values, lower Deltas and higher Gammas in case of applied reserve requirements as
this more fragmented portfolio can better adapt to the imposed must-run conditions.
However both portfolios show identical results for those levels of reserve that require
the same amount of minimum load to stay online in both portfolios. This is an effect of
our simplistic modeling setup but can nonetheless also be relevant for real generation
portfolios and should be assessed in the course of investment or divestment decisions.
Dependency of value and sensitivities of reserve requirements in
the portfolio context
By comparing portfolio results of all portfolios without reserve and subject to different
reserve requirements we indirectly derive daily values and sensitivities (∆ and Γ) of
different amounts of reserve requirement in all portfolio contexts (section 6.7).
Especially on weekdays the structural impact of reserve, and therewith the value
and hedge parameters of the reserve itself, is similar in all portfolios (even though
reduced in case of the split flexible portfolio): daily values are decreased, daily Deltas
are increased while daily Gammas are also decreased. Remarkably this effectively
means that a reserve requirement has negative daily values, positive daily Deltas and
negative daily Gammas in our modeling setup. Therefore it cannot be replicated by
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adding a short power plant option position to the original portfolio in order “to reduce
optionality”, which could be an intuitive approach to approximate the impact of reserve
requirements on a given physical generation portfolio. The value reduction can further
be normalised by the amount of reserve requirements which directly yields the specific
cost of reserve in different portfolios. Hereby it can be observed that the amount of
reserve requirements that leads to the lowest specific cost of reserve is not identical for
all portfolios as it heavily depends on the level of portfolio fragmentation.
Obviously the impact of reserve is heterogeneous and sometimes counter intuitive
for different portfolios and depends non-linearly on the absolute amount of reserve
requirement. Hence – even on the basis of our stylised modeling setup – it is highly
recommended for practitioners to analyse the specific impact of reserve in detail before
portfolio decisions are taken.
Assessment of simplistic dispatching rules instead of full rolling
intrinsic valuation
Even though the Proxy Simulation Scheme method offers an advantage over standard
Monte-Carlo approaches in terms of computational cost savings, long valuation tenors
in combination with complex portfolio setups can still lead to numerical performance
issues. Therefore we discuss the applicability of three alternatives for the derivation of
portfolio sensitivities which focus on an additional reduction of computation time.
At first we use a truncated rolling intrinsic valuation tenor instead of the full valua-
tion tenor within all time steps of each Monte-Carlo realisation (section 7.1). Secondly
we apply a heuristic approach for the determination of the portfolio dispatches which
is significantly faster than even truncated rolling intrinsic valuation (section 7.2). The
third method is based on polynomial approximations of the results of a small number
of Monte-Carlo realisations with negligible computational costs (section 7.3).
In case the truncated rolling intrinsic valuation tenor covers the typical length of
time coupling effects in an option portfolio it leads to similar results as generated
by the full rolling intrinsic tenor. Hereby we use a decay rate analysis of artificial
perturbations of the dispatch of different power plant options to determine the typical
lengths of time coupling. As an adequately truncated rolling intrinsic tenor can lead
to significant computational cost savings it should always be considered for industry
applications.
While simple dispatch heuristics hardly capture inter-option dependencies the poly-
nomial sensitivities replicate daily result structures surprisingly well, even in case of
extreme results for individual power plant options. However the sensitivities are slightly
downwards biased which can be explained and consequently be corrected. Therefore
this cost effective approach to derive sensitivities can be an interesting alternative for
practitioners provided they are able to compensate the bias for their specific valuation
problem.
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1.5 Structural outline of this thesis
Chapter 2 In this chapter we present theoretical differences between the Proxy Simu-
lation Scheme method and more standard Monte-Carlo methods including finite differ-
ences, pathwise and likelihood ratio method. Hereby we explicitly focus on a detailed
comparison of advantages and disadvantages of all methods.
Chapter 3 Here we give a comprehensive overview about the numerical implemen-
tation of the Proxy Simulation Scheme method for the calculation of sensitivities of
portfolios of stylised power plants. We cover the time discretisation of the underly-
ing stochastic differential equations as well as the setup of the rolling intrinsic mixed
integer valuation and the PSS extension of the standard valuation algorithm.
Chapter 4 This chapter provides a thorough validation of both technical aspects of
our numerical implementation and theoretically expected characteristics of the Proxy
Simulation Scheme sensitivities.
Chapter 5 This chapter contains a systematic analysis of the impact of technical
parameters and reserve requirements on both value and sensitivities (∆ and Γ) of
stand-alone power plant options. In addition we present backtesting results for our
results which confirm the high quality and hedge effectiveness of the PSS sensitivities.
Chapter 6 Here we extend the analysis towards portfolios of multiple identical and
different power plant options and explain the complex interdependencies of individual
options in case of applied reserve requirements. Finally we derive daily values and
sensitivities of various reserve requirements in the context of different portfolios.
Chapter 7 In this chapter we assess the applicability of alternative ways to derive
portfolio sensitivities including simplified option dispatching rules via truncated rolling
intrinsic and heuristic approaches and a semi-analytical Taylor series based method to
derive sensitivities directly from payoff and price realisations.
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Monte-Carlo valuation methods
This chapter provides an overview about different Monte-Carlo techniques to calculate
sensitivities. Starting from general Monte-Carlo theory it explicitly summarises ad-
vantages and disadvantages of Finite Difference (FD) Monte-Carlo and both pathwise
(PW) and likelihood ratio (LR) method before comparing these approaches to the Proxy
Simulation Scheme (PSS) method of Fries and Kampen (2007). Hereby we closely fol-
low Glasserman (2003) and refer to Ja¨ckel (2003) and Gerstner and Kloeden (2013)
for more detailed information.
2.1 Monte-Carlo valuation
Assume an m-dimensional stochastic price process, which shall be described by the
following generic stochastic differential equation (SDE):
dK(t) = µ(K, t)dt+ Σ(K, t)dW. (2.1)
Here dK = (dK1, dK2, . . . , dKm)
T denotes the temporal evolution of the price vector
K = (K1, K2, . . . , Km)
T subject to a drift rate µ = (µ1, µ2, . . . , µm)
T and a set of
correlated standard Brownian motions dW = (dW1, dW2, . . . , dWm)
T with correlation
matrix Σij for i, j = 1, 2, . . . ,m (compare e.g. Deutsch (2004)).
Further assume a complex financial product whose payoff f(Y ) depends on
Y := (K(t)) with t ∈ [T1;T2], (2.2)
where [T1;T2] denotes a time interval which includes all potential trigger points for the
specific financial product.
If E[α|Ft0 ] denotes a risk-neutral expectation of a stochastic entity α at time t = t0,
the value V (t0) := V of the financial product at t = t0 is given by
V = E[f(Y )|Ft0 ] =
∫
Ω
f(y)Φ(y)dy, (2.3)
where Ω denotes a measurable probability space equipped with filtration Ft0 .
In case of complex options there may be no analytical solution available of the
integral on the right hand side of equation (2.3) and a Monte-Carlo approach can be
used to find a numerical value estimator. Hereby the integral is approximated by a
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weighted finite sum of discrete payoffs f for random realisations Yi of Y with associated
probability density function (PDF) Φ:
Vˆn =
1
n
n∑
i=1
f(Yi). (2.4)
According to the law of large numbers (Borel (1909)) Vˆn → V with probability 1 as
n→∞. In case f is square integrable the error Vˆn−V of the Monte-Carlo estimator is
approximately normal distributed with mean 0 and standard deviation σf/
√
n, where
σf is defined by
σ2f =
∫
Ω
(f(y)− V )2 Φ(y)dy. (2.5)
As V is typically unknown during the valuation process the same is also true for
expression (2.5) and σf is usually approximated by the sample standard deviation
sf =
√√√√ 1
n− 1
n∑
i=1
(
f(Yi)− Vˆn
)2
. (2.6)
2.2 Monte-Carlo sensitivities
2.2.1 Finite difference (FD) approach
Assume that the value V depends on some parameter Θ (without loss of generality
one initial forward price as elaborated in section 3.3), i.e.
V (Θ) = E[f(Y (Θ))], (2.7)
where we dropped the filtration Ft0 for better readability.
The first order sensitivity of V with respect to Θ is defined as the first derivative
∂V (Θ)/∂Θ (similar for higher order sensitivities). In finite difference Monte-Carlo this
derivative is indirectly approximated by first calculating value estimators Vˆn(Θ ± h)
for upwards and downwards shifted parameter Θ
Vˆn(Θ± h) = 1
n
n∑
i=1
f(Yi(Θ± h)), (2.8)
and then applying finite differences to approximate the derivative via the associated
difference ratio
∂V (Θ)
∂Θ
≈ Vˆn(Θ + h)− Vˆn(Θ− h)
2h
. (2.9)
Here we apply central differences and imply the usage of common random numbers for
the calculation of Vˆn(Θ± h).
By using Taylor expansion it can be shown that the approximation (2.9) has a general
bias of order O(h2), heavily depending on the chosen shift size h. The associated
optimal convergence rate is of order O(n−2/5).
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Using the same approach for the second derivative yields
∂2V (Θ)
∂Θ2
≈ Vˆn(Θ + h) + Vˆn(Θ− h)− 2Vˆn(Θ)
h2
, (2.10)
having a similar bias of order O(h2) but a generally lower optimal convergence rate of
order O(n−2/7).
This very intuitive Monte-Carlo method has a couple of significant advantages:
– The method entirely relies on shifting initial parameters and re-evaluating the
financial product (sometimes called bumping the model). Therefore it can be used
with any existing Monte-Carlo valuation framework without changing anything
within the valuation module itself.
– The method does not need any further details about the price process and the
payoff distribution apart from what is required anyway for pricing the product.
This makes the approach theoretically applicable without limitations for all po-
tential problems.
But there are also disadvantages of the approach which can reduce its applicability
for complex problems:
– FD sensitivities are subject to a general bias which is dependent on the size of
the applied shift size h.
– In case of a discontinuous payoff function f the finite difference approximations
(2.9) and (2.10) tend to numerical instabilities whenever a realisation Yi is suffi-
ciently close to the trigger point that causes the payoff function to jump.
– Applying central differences, the method requires at least two additional complete
Monte-Carlo valuations for the calculation of each sensitivity, i.e. a calculation
of n sensitivities requires 2n+ 1 full valuations. However in case of complex real
options already a single valuation can lead to numerical performance problems,
e.g. because the payoff realisations can only be determined by solving a time
consuming mixed-integer optimisation problem. This leads to potential limita-
tions of finite difference Monte-Carlo whenever multiple sensitivities are required
for a complex financial product.
2.2.2 Pathwise sensitivities (PW)
Similar to the FD method also the pathwise method is based on an assumed relation
between the payoff function f and a parameter of interest Θ. However, in contrast
to indirect finite differences the pathwise method uses direct Monte-Carlo estimators
for each simulated path to derive all required sensitivities in parallel to the valuation
process. These estimators are calculated individually for each path, which effectively
gives the method its name.
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Starting from expression (2.9)
∂V (Θ)
∂Θ
≈ Vˆn(Θ + h)− Vˆn(Θ− h)
2h
=
1
n
n∑
i=1
f(Yi(Θ + h))− f(Yi(Θ− h))
2h
(2.11)
which depends on re-simulation, let
f ′Θ,i := lim
h→0
f(Yi(Θ + h))− f(Yi(Θ− h))
2h
. (2.12)
If this limit exists equations (2.11) and (2.12) can be combined to yield
∂V (Θ)
∂Θ
=
∂
∂Θ
E[f(Y (Θ))] ≈ 1
n
n∑
i=1
f ′Θ,i = E[f ′Θ], (2.13)
where f ′Θ,i are derivatives of the path wise payoffs fi with respect to Θ.
If all required preconditions are met (fi must be Lipschitz continuous) the inter-
change of differentiation and integration in equation (2.13) is justified and E[f ′Θ] be-
comes an unbiased expected value of the derivative:
∂V (Θ)
∂Θ
=
∂
∂Θ
E[f(Y (Θ))] = E
[
∂f(Y (Θ))
∂Θ
]
= E[f ′Θ]. (2.14)
Obviously the pathwise method relies on a known relation between f and Θ in order
to derive an analytical expression for f ′Θ. In case f explicitly depends on Y rather
than on Θ (e.g. a plain vanilla Black-Scholes option) the chain rule can be applied to
derive the path wise estimator via
f ′Θ =
∂f
∂Θ
=
∂Y
∂Θ
·
∂f
∂Y
. (2.15)
When applicable the pathwise method has important advantages over the more
simplistic finite difference Monte-Carlo schemes:
– In general the method allows the derivation of unbiased Monte-Carlo estimators.
– The availability of individual estimators for each required sensitivity allows to
use only one set of Monte-Carlo simulations to derive both a price for a finan-
cial product and all its sensitivities at the same time without the need of re-
simulations. Therefore whenever multiple sensitivities are needed for a complex
product whose valuation is already a numerically challenge, the pathwise method
provides a potentially huge numerical cost advantage over the FD method.
However the stricter preconditions of the pathwise method also lead to disadvantages:
– The implementation of a pathwise approach in an existing Monte-Carlo valuation
framework is more complicated than in case of finite differences as typically
available pricing modules need to be modified.
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– The pathwise method does usually not allow to derive sensitivities for digital
options as the path wise estimators are zero almost everywhere apart from a small
interval around the trigger point of the associated payoff function, and therefore
not meaningful. For the same reason the method is generally not applicable for
the calculation of second order sensitivities which limits its applicability for the
derivation of Γ.
– The method explicitly requires an expression of the pathwise derivative f ′Θ. In
case of complex products this expression may include indicator functions and
does not provide Lipschitz continuity, which conflicts with the preconditions of
equation (2.13).
– To our knowledge there is no explicit expression f ′Θ available for complex time
coupled real options like power plant options subject to technical constraints.
Therefore re-simulations would be needed to calculate the pathwise estimators
which would effectively lead to FD Monte-Carlo without any numerical cost
advantage.
2.2.3 Likelihood ratio method (LR)
Suppose that Θ is a parameter of the underlying probability density Φ, i.e. Φ(y) →
ΦΘ(y). Then equation (2.3) can be written as
E[f(Y (Θ))] =
∫
Ω
f(y)ΦΘ(y)dy. (2.16)
Suppose further that the order of differentiation and integration can be interchanged
when the differential operator ∂/∂Θ is applied on equation (2.16), which is usually
possible as probability densities are sufficiently smooth functions (absolute continuity,
e.g. Bingham and Kiesel (2004)):
∂
∂Θ
E[f(Y (Θ))] =
∫
Ω
f(y)
∂ΦΘ(y)
∂Θ
dy. (2.17)
An expansion of the integrand yields
∂
∂Θ
E[f(Y (Θ))] =
∫
Ω
f(y)
∂ΦΘ(y)/∂Θ
ΦΘ(y)
ΦΘ(y)dy =
∫
Ω
f(y)wΘ(y)ΦΘ(y)dy, (2.18)
introducing the weight function
wΘ(y) =
∂ΦΘ(y)/∂Θ
ΦΘ(y)
=
∂
∂Θ
ln ΦΘ(y). (2.19)
In equation (2.18) the average of f(y)wΘ(y) serves as an unbiased estimator of
∂
∂Θ
E[f(Y (Θ))] that does only depend on unperturbed payoffs f(y) which would also
be used for the valuation process itself.
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For the calculation of additional sensitivities only the weight function needs to be
modified while the payoff realisations remain completely unchanged. Once all required
weight functions are defined, they can be multiplied with payoffs of different financial
products to derive all associated sensitivities at once.
In comparison to the pathwise method the likelihood ratio method provides a couple
of additional benefits:
– Similarly to the pathwise method it allows the derivation of unbiased estimators.
– No additional Monte-Carlo simulations are needed to derive an arbitrary number
of sensitivities for an arbitrary number of financial products in parallel to the
valuation process.
– As the likelihood ratio method entirely relies on probability densities and their
derivatives it generally allows to derive sensitivities of second and higher order
and sensitivities for products with discontinuous payoff functions.
– The method can be added to any existing Monte-Carlo valuation algorithm in
form of a module that derives weight functions and multiplies them to payoff
realisations as already generated by the valuation part.
But its rather analytical approach also leads to some shortfalls:
– The likelihood ratio method requires explicitly known relations between the un-
derlying probability densities and all parameters of interest. In case of complex
price processes and products this analytical knowledge is often not available.
– In comparison to the pathwise method the likelihood ratio method shows typi-
cally lower convergence rates (e.g. Broadie and Glasserman (1996)).
2.2.4 Proxy Simulation Scheme method (PSS)
For the deduction of both pathwise and likelihood ratio method it was not relevant
how the underlying price path realisations were generated. However in Monte-Carlo
methods this is typically done via a numerical time discretisation scheme enabling the
evolution of discrete prices or price forward curves from one point in time to the next.
The Proxy Simulation Scheme method of Fries and Kampen (2007) makes explicitly
use of this framework of perfect transparency by starting from an already implemented
and therefore completely known time discretisation of the system describing stochastic
differential equation.
Consider a time discretisation scheme which generates price path realisations Y ∗.
Combining this scheme with equation (2.3) yields
E[f(Y (Θ))] ≈ E[f(Y ∗(Θ))] =
∫
Ω∗
f(y)Φ∗Θ(y)dy, (2.20)
where ”≈” denotes potential deviations between analytical solutions of the model SDE
and the numerical implementation due to the fact, that time steps cannot become
infinitesimal but must stay finite.
20
2.2 Monte-Carlo sensitivities
Now consider a proxy scheme using a probability density function Φ0 that does not
depend on the parameter Θ. Following the likelihood ratio approach (section 2.2.3)
assume absolute continuity between Φ∗Θ and Φ
0, i.e.
Φ∗Θ(y) > 0 =⇒ Φ0(y) > 0 (2.21)
for all y ∈ Ω∗.
An expansion of equation (2.20) leads to
E[f(Y ∗(Θ))] =
∫
Ω∗
f(y)Φ∗Θ(y)dy =
∫
Ω∗
f(y)
Φ∗Θ(y)
Φ0(y)
Φ0(y)dy
=
∫
Ω∗
f(y)w∗Θ(y)Φ
0(y)dy (2.22)
with w∗Θ(y) = Φ
∗
Θ(y)/Φ
0(y).
Applying the differential operator in combination with standard finite difference
approximation on equations (2.20) and (2.22) yields
∂
∂Θ
E[f(Y (Θ))] ≈ ∂
∂Θ
E[f(Y ∗(Θ))]
≈ 1
2h
(E[f(Y ∗(Θ + h))]− E[f(Y ∗(Θ− h))])
=
∫
Ω∗
f(y)
1
2h
Φ∗Θ+h(y)− Φ∗Θ−h(y)
Φ0(y)
Φ0(y)dy
=
∫
Ω∗
f(y)
1
2h
(
w∗Θ+h(y)− w∗Θ−h(y)
)
Φ0(y)dy (2.23)
with discretised weight functions
w∗Θ±h(y) =
Φ∗Θ±h(y)
Φ0(y)
. (2.24)
Equation (2.23) shows the Proxy Simulation Scheme method for a generic derivative
with respect to an arbitrary parameter Θ. When explicit sensitivities ∆ and Γ are
derived, Θ is an initial forward price and the perturbations by ±h effectively change
the initial conditions of the price evolution. In this case Φ0 can be replaced by the
probability density function of the original and unperturbed simulation scheme Φ∗Θ
which makes Φ∗Θ±h probability densities of initially perturbed schemes with identical
realisations as generated by simulation scheme Φ∗Θ:
∆ =
∂
∂Θ
E[f(Y (Θ))] ≈
∫
Ω∗
f(y)
1
2h
Φ∗Θ+h(y)− Φ∗Θ−h(y)
Φ∗Θ(y)
Φ∗Θ(y)dy
=
∫
Ω∗
f(y)
1
2h
(
w∗Θ+h(y)− w∗Θ−h(y)
)
Φ∗Θ(y)dy. (2.25)
Please note that in equation (2.25) Φ∗Θ(y) depends on Θ only in the way, that Θ serves
as a fixed initial condition which is not perturbed at all. A more detailed explanation
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of the implementation of the Proxy Simulation Scheme method is provided in chapter
3. Similar to equation (2.10) the expression for the second order derivative Gamma is
given by
Γ =
∂
∂Θ
E[f(Y (Θ))] ≈
∫
Ω∗
f(y)
1
h2
Φ∗Θ+h(y) + Φ
∗
Θ−h(y)− 2Φ∗Θ(y)
Φ∗Θ(y)
Φ∗Θ(y)dy
=
∫
Ω∗
f(y)
1
h2
(
w∗Θ+h(y) + w
∗
Θ−h(y)− 2
)
Φ∗Θ(y)dy. (2.26)
The Proxy Simulation Scheme method combines all advantages of the likelihood
method (section 2.2.3) with the possibility to calculate the weight functions on the fly
as all step wise PDFs are known per construction. Therewith it allows to derive an
arbitrary number of sensitivities for multiple products in parallel to the valuation itself
without the need for re-simulation or additional information about the price process
like closed form probability density functions.
Due to the FD approximation the results are generally biased, but as finite differences
are applied to probability densities both shift size h and discretisation error can be
kept very small.
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The purpose of this chapter is to provide both a comprehensive overview about the
applied valuation model and a detailed explanation of the numerical implementation of
the Proxy Simulation Scheme method as introduced in section 2.2.4. The underlying
price process is chosen in a way that it allows a comparison of numerical results to
analytical solutions for a limited number of artificial model setups. This is highly
relevant for backtesting purposes and a thorough testing of the implementation.
The implementation entirely bases on Fortran 90 and available language bindings to
the C based GNU Linear Programming Kit (GLPK (2014)).
3.1 Model SDE for daily electricity base load forward
prices
The evolution of a forward curve Xj(t) = X(t, Tj) with Tj ∈ [t0;T ] and initial condition
Xj(t0) shall be given by the m-dimensional system of SDEs
dXj(t) = µj(t)Xj(t)dt+ σj(t)Xj(t)dWj(t) with j = 1, 2, . . . ,m, (3.1)
where µj(t) and σj(t) denote the instantaneous drift and volatility of forward j and
W(t) = (W1(t),W2(t), . . . ,Wm(t)) is a m-dimensional set of Brownian motions with in-
stantaneous correlation matrix R(t) = (ρjk(t))j,k=1,...,m and dWj(t) · dWk(t) = ρjk(t)dt.
Under the risk neutral measure forwards can generally be considered to be mar-
tingales (i.e. driftless, compare Deutsch (2004) for a generic finance mathematical
introduction and Benth and Koekebakker (2008) for an energy related discussion) and
equation (3.1) reduces to
dXj(t) = σj(t)Xj(t)dWj(t) with j = 1, 2, . . . ,m. (3.2)
With the help of Ito’s lemma (e.g. Øksendal (2007)) and using log-coordinates, this
can be written as
d log(Xj(t)) := dKj(t) = −1
2
σ2j (t)dt+ σj(t)dWj(t) with j = 1, 2, . . . ,m. (3.3)
Furthermore, applying Cholesky decomposition on the correlation matrix R(t)
L(t) · LT (t) = R(t) (3.4)
23
3 Numerical implementation of the Proxy Simulation Scheme method
   0
  10
  20
  30
  40
  50
  60
 2  4  6  8  10  12  14
Fig. 3.1: Initial daily forward price curve for a valuation tenor of 14 days.
allows to decouple the system of SDEs (3.1), which can now be expressed in vector
notation similar to equation (2.1) as:
dK(t) = −1
2
Σ2(t)1dt+ Σ(t)L(t)dU(t)
√
dt. (3.5)
Here, dU(t) = (dU1(t), dU2(t), . . . , dUm(t))
T denotes a vector of m independent stan-
dard normal distributed random numbers, Σ(t) = diag(σ1(t), σ2(t), . . . , σm(t)), Σ
2(t) =
diag(σ21(t), σ
2
2(t), . . . , σ
2
m(t)) and 1 = (1, 1, . . . , 1)
T .
In this thesis equation 3.5 shall describe the temporal evolution of a daily base load
electricity forward price curve with a maximum tenor of 14 days. Valuation time for all
simulations is t0 = 0 and the associated initial condition Xj(t0) is given by a simplified
generic forward curve with constant prices for weekdays and weekends (figure 3.1),
where a typical historic price level is applied (EPEX SPOT SE (2014)).
3.1.1 Time discretisation
In order to solve the model SDE (3.5) numerically, the set of equations has to be
discretised via an appropriate time discretisation scheme. Using a simple explicit
Euler scheme (Grasselli and Pelinovsky (2008)) yields
K∗(tq+1) ≈ K∗(tq)− 1
2
Σ∗2(tq)1dt+ Σ∗(tq)L∗(tq)∆U(tq)
√
∆t, (3.6)
where discrete points of time tq are defined via tq+1 = tq + ∆t and t0 = 0.
Throughout this thesis, an asterisk ∗ denotes the numerical discretisation of an
originally time continuous entity. In the applied framework of daily forward prices
(section 3.1) ∆t is always identical to a time step of one day, i.e. the forward curve
K∗ is evolved from day to day.
3.1.2 Volatility term structure
This thesis applies a term structure of volatility, which bases on a 2-factor volatility
model as proposed by Bo¨rger (2007) which is structurally close to Schwartz (1997),
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Fig. 3.2: Market volatility as taken from Benth and Koekebakker (2008) (solid line) and re-calibrated
two factor volatility model of Bo¨rger (2007) as used in this thesis (dashed line).
Clewlow and Strickland (1999), Clewlow et al. (1999) and Schwartz and Smith (2000):
σ(t, T ) =
(
e−κ(T−t)σˆ1, σˆ2
)
. (3.7)
However Bo¨rger (2007) use medium to long term forward contract prices to calibrate
their model. As we focus on short term price evolutions this calibration cannot be
suggested and we need to re-calibrate equation 3.7 with volatility data of traded short
run forward contracts which are offered only by a small number of power exchanges
(e.g. NASDAQ OMX (2014)) with recently increasing liquidity. A broad range of anal-
yses with different targets and methodical approaches are provided by Pardo (2005),
Va´zquez et al. (2006), Va´zquez et al. (2008), Ha¨rdle and Tru¨ck (2010), Mauritzen
(2010), Bauwens et al. (2012) and Benth and Koekebakker (2008) where the latter ex-
plicitly use daily electricity forwards as a basis for the volatility term structure which
is very close to the setup of this thesis.
Therefore we apply the data of Benth and Koekebakker (2008) to re-calibrate the
model of Bo¨rger (2007) via least squares fitting and thereby to construct a most basic
model for the short term volatility term structure (figure 3.2). The calibration yields
κ = 54.0, σˆ1 = 1.06 and σˆ2 = 0.76. The model implies the following discrete term
structure of volatility:
σ∗j (tq) =
√
σˆ21e
−2κ(j−q)∆t + σˆ22. (3.8)
3.1.3 Correlation
It is important to notice that the Proxy Simulation Scheme method does only allow to
calculate sensitivities for those forwards Xj(tq) that represent individual risk factors.
Generally this should not lead to any limitations as in a comprehensive model setup
explicit sensitivities are only meaningful for the given set of individual risk factors.
However if sensitivities shall be derived for all m available forwards described by
equation (3.6), this can only be achieved in case the correlation matrix R(tq) is regular.
This requirement can most easily be fulfilled by using a parameterisation method
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Fig. 3.3: 14× 14 days correlation matrix as applied in this thesis.
adapted for the generation of regular matrices for building the correlation matrix. A
good overview about available methods can be found in Brigo (2002), Bo¨rger and van
Heys (2010) and Lutz (2010).
In this paper we use a modification of a standard parameterisation method which
has originally been published by Schoenmakers and Coffey (2003):
ρ∗jk(tq) = exp
{ |(j − q)− (k − q)|
m− 1 (− log ρˆ)
}
, (3.9)
with 1 < j 5 k 5 m and ρˆ = 10% which leads to a basic correlation matrix that still
allows for a huge variety of evolutions of the daily forward curve structure (figure 3.3).
3.1.4 Hourly price adjustment factors
Equations (3.6), (3.8) and (3.9) describe the daily evolution of an electricity forward
price curve with daily granularity. In addition all European power exchanges offer
day-ahead auctions of electricity delivery for all individual hours of the next day. The
resulting hourly price structure typically serves as an important guideline for scheduling
and final marketing decisions for power plants, even though physical plant dispatches
may still be affected by short-term intraday supply and demand variations. In this
thesis we apply hourly price adjustment factors to derive hourly prices via direct mul-
tiplication from previously defined daily base load forward prices.
Especially in Germany the shape of hourly prices is currently subject to a significant
and sustainable change. Due to the increasing impact of photovoltaic electricity pro-
duction the historically peak price structure during midday hours is almost completely
eroded for days with specifically high solar radiation and replaced by comparably low
midday prices in combination with increased prices in shoulder hours. This effect can
already be observed in Hauser (2012). In the meantime the amount of installed pho-
tovoltaics capacity has been doubled in Germany (e.g. BSW (2013)) and this trend
seems to be robust in the context of rather unchanged subsidy schemes for private
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Fig. 3.4: Hourly curve adjustment factors (hca factors) for weekdays (solid line) and weekends (dot-
ted line) as applied in this thesis.
customers (BMWI (2012)) and dramatically falling prices for photovoltaic modules
(pvXchange (2014)).
In this thesis we assume an even more heavily photovoltaics driven and highly stylised
hourly price structure, which could be observed in a future electricity system with
high photovoltaic generation capacity backed by flexible but expensive conventional
assets (figure 3.4). It is characterised by low peak load prices (i.e. prices at midday
hours) and relatively increased prices in shoulder hours, where the latter is driven by
a systematically tight market in these hours due to comparably low solar radiation
and relevant demand. We assume this effect to be even more distinct at weekends
as the generally lower peak demand may shorten the number of hours where costly
conventional backup capacity is required, which further increases the specific cost of
electricity production. Therefore we use an exaggerated weekday price structure for
weekends where the hca factor αlwe valid for hour l of a weekend day is derived from
the respective hca factor αlwd via
αlwe = 2 ·α
l
wd − 1. (3.10)
Hourly prices will be derived by multiplication of daily base load forward prices X∗j (tq)
and the respective, pre-defined hourly curve adjustment factor αlι(j) of hour l where
ι(j) = wd in case j denotes a weekday and we (for weekend) otherwise.
3.2 Monte-Carlo pricing
As stated in section 2.1 the structural approach of Monte-Carlo pricing is as follows:
1. generation of a sufficiently large number of price evolutions Y ∗i ,
2. calculation of associated economically optimal payoffs f(Y ∗i ) of a financial prod-
uct and
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3. according to the law of large numbers the average payoff Vˆn converges against
the true value of the product V a.s.:
Vˆn =
1
n
n∑
i=1
f(Y ∗i )→ V. (3.11)
However in case of complex options like stylised power plants already the calculation of
payoffs can be a numerical challenge due to a potentially large number of technical con-
straints (section 3.2.1) requiring a mixed integer optimisation to derive both optimal
dispatch and associated payoff (section 3.2.2). Furthermore a naive calculation of price
realisations and ex-post derivation of optimal dispatches and payoffs would systemat-
ically lead to upwards biased valuation results due to application of a super optimal
exercise strategy (sometimes called the ”perfect foresight error”, e.g. Fries (2007a)).
To avoid this bias we will use a rolling intrinsic valuation approach throughout this
thesis (section 3.2.3).
3.2.1 Option portfolio setup
We evaluate a number of stylised power plants p = 1, . . . , N which are set up as financial
options with minimum up- and downtime (tpup, t
p
down), minimum and maximum load
(P pmin, P
p
max) and individual strike prices κ
p. We treat all options as single commodity
options being in the money whenever an hourly electricity price αlι(j) ·Xj exceeds the
associated strike prices κp.
Thereby we focus on the calculation of sensitivities with respect to the electricity
price and not on the derivation of more elaborated sensitivities like spread Deltas or
Gammas (e.g. Burger et al. (2007)). However this is not critical in our opinion as the
market standard in commodity risk assessment are still ceteris paribus sensitivities,
where fuel prices are held constant anyway during the calculation of electricity hedge
parameters Delta and Gamma.
Technical constraints of all options are close to values of real assets, i.e. up- and
downtimes between 1 and 20 hours and strike prices between 50 and 70e/MWh.
The maximum load is scaled to unity apart from some examples where a reduced
maximum load is explicitly mentioned. Minimum load is 30% of maximum load when
not explicitly stated differently.
In addition to technical constraints the option portfolio can also be subject to an
external reserve requirement. This can either be a positive reserve requirement Respos
or a negative Resneg. A positive requirement of x means that in each hour of the
simulated time tenor the set of running power plant options needs to be able to produce
an additional load of x, while a negative requirement of y means that in each hour of
the simulated time tenor the running power plant options need to be able to reduce
load by a total amount of y while staying online. This is both compliant with the
standard approach in literature (e.g. Palmintier and Webster (2011)) and sensible, as
only a limited number of very flexible physical power plants is able to serve reserve
requirements from an idle state. In this thesis we focus on Respos and apply absolute
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levels of reserve requirements between 0.2 and 1.5, i.e. a share of 1/5 and 3/2 of the
usual maximum load of one option.
3.2.2 Mixed integer optimisation for payoff calculation
As mentioned in the introduction to section 3.2 the calculation of dispatches and
payoffs of power plant options is usually no trivial problem due to existing techni-
cal constraints and reserve requirements. Hereby technical constraints lead to ”time
coupling” effects, i.e. interdependencies between dispatch decisions of an option at
different points in time, while reserve constraints have an impact on the portfolio level
leading to additional coupling also between different options.
This setup can be formulated as a partially relaxed mixed integer optimisation prob-
lem (Burger et al. (2007)) thereby making the economically optimal hourly dispatch
equivalent to the associated numerical solution of this problem. The optimal dispatch
maximises the portfolio value function
VPort(tq,β, s,γ) =
N∑
p=1
m∑
j=q
24∑
l=1
(
γpj,lP
p
max + (β
p
j,l − γpj,l)P pmin
)
·
(
αlι(j)X
∗
j (tq)− κp
)
,
(3.12)
where βpj,l ∈ N and spj,l, γpj,l ∈ R and
βpj,l ∈ {0, 1}, (3.13)
0 5 spj,l 5 1, (3.14)
0 5 γpj,l 5 1. (3.15)
βpj,l = 1 denotes that power plant p is running in hour l of day j (otherwise 0) and
spj,l = 1 indicates whether power plant p is started in hour l of day j (otherwise 0). γ
p
j,l
varies between 0 and 1 and defines the load of power plant p in hour l of day j.
In order to fulfill all technical requirements as explained in section 3.2.1, the max-
imisation of VPort(tq,β, s,γ) is subject to the following set of constraints:
βpl − βpl−1 5 spl and βpl = γpl (3.16)
guarantee that the decision variable spl is set to 1 whenever a power plant option is
started and that its associated load is either 0 or located in the interval [P pmin;P
p
max].
Here and in the following we explicitly ignore the dependency on j to indicate that
equation (3.16) enforces only a relation between consecutive hours l independent of
the respective day j.
βpl =
l∑
t=l−tpup+1
spt and β
p
l 5 1−
l+tpdown∑
t=l+1
spt (3.17)
ensure that a power plant option is online for at least tpup hours after each start-up and
offline for at least tpdown hours after each shut-down.
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In addition the portfolio may need to serve positive (or negative) reserve require-
ments Respos (or Resneg), which is equivalent to the following two additional conditions
being valid for each hour l of the valuation tenor:
N∑
p=1
βpl P
p
max − (γpl P pmax + (βpl − γpl )P pmin) = Respos, (3.18)
N∑
p=1
(γpl P
p
max + (β
p
l − γpl )P pmin)− βpl P pmin = Resneg. (3.19)
Again, please note that in this setup only running power plants are able to serve reserve
requirements.
The implementation bases on Fortran 90 and associated language bindings to the C
based GNU Linear Programming Kit (GLPK (2014)) as provided by Kelly (2014).
3.2.3 Rolling Intrinsic valuation to reduce perfect foresight error
While calculating the Monte-Carlo approximation of an option value it is generally not
desirable within each Monte-Carlo simulation step to first calculate price realisations
for the entire valuation tenor and then to derive the associated optimal dispatch. A
concrete example within this thesis would be to first deriving electricity price reali-
sations for all 14 · 24 hours of the valuation tenor and then calculating the associated
optimal dispatch of the option portfolio for these price realisations.
The reason against this approach is obvious: the method implicitly assumes that
all future price realisations are already known when the optimal dispatch is calculated
and therefore effectively assumes a perfect foresight of the future. In reality dispatch
decisions at a certain point in time are always subject to rather limited information
including historical price realisations, the current status of the option portfolio and
forward prices which may serve as estimators of future price realisations. Therefore
the perfect foresight method will systematically overestimate option values by using
more information for the dispatch calculation as available in reality (perfect foresight
bias due to a violation of measurability requirements, e.g. Fries (2007a)).
In order to reduce this bias we follow a popular Monte-Carlo approach, the so called
rolling intrinsic valuation (e.g. Breslin et al. (2009)). This approach replicates a trader
who defines the portfolio dispatch at each point in time only for the next point, based
on an intrinsic optimisation of the entire remaining valuation tenor considering only
the current state of information.
In this thesis the applied price process is a daily price forward curve which is evolved
also on a daily basis. Consequently the rolling intrinsic valuation is applied as follows:
On day tq all daily forward prices X
∗(tq) are known for the remaining valuation tenor
[tq+1; tm] and hourly forward prices are given by multiplication of X
∗(tq) with the
associated hourly curve adjustment factors αl. Solving the hourly mixed integer opti-
misation problem (equation 3.12) for the remaining tenor provides the optimal intrinsic
dispatch only based on currently available information. The resulting hourly dispatch
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for day tq+1 serves as final dispatch decision for all hours of this day. Now the valua-
tion time is rolled from tq to tq+1 including the temporal evolution of all daily forward
prices within the remaining valuation tenor [tq+2; tm]. By solving the optimisation
problem for this reduced tenor the final dispatch decision for all hours of day tq+2 is
subsequently defined. The method is proceeded until the dispatch of the last day of
the valuation tenor tm is finally derived.
Please note that even though this method is very popular due to its intuitive and
very flexible approach it is numerically rather costly as it requires the solution of m
mixed integer optimisation problems for each Monte-Carlo simulation step. Depending
on the complexity of the mixed integer problem even pure valuation can therefore lead
to performance issues.
3.3 Proxy Simulation Scheme sensitivities (Delta and
Gamma)
As explained in section 2.2.4 the Proxy Simulation Scheme framework allows an ex-
pression of the first order derivative (Delta) via ratios of the probability density of
the implemented price evolution scheme Φ∗Θ and the probability densities of the same
scheme with upwards and downwards shifted initial conditions Φ∗Θ±h. These ratios
are called weight functions w∗Θ±h as they are used in the Monte-Carlo expression of
equation (2.25) to weight the portfolio payoff, therewith providing a direct estimator
of the derivative Delta:
∆Θ =
∂
∂Θ
E[f(Y (Θ))] ≈
∫
Ω∗
f(y)
1
2h
Φ∗Θ+h(y)− Φ∗Θ−h(y)
Φ∗Θ(y)
Φ∗Θ(y)dy
=
∫
Ω∗
f(y)
1
2h
(
w∗Θ+h(y)− w∗Θ−h(y)
)
Φ∗Θ(y)dy
≈ 1
n
n∑
i=1
f(Y ∗i ) ·
1
2h
(
w∗Θ+h,i(Y
∗
i )− w∗Θ−h,i(Y ∗i )
)
. (3.20)
At least from a theoretical point of view this expression is very intuitive. However,
a proper implementation of the concept requires a detailed understanding of how the
path wise weights w∗Θ+h,i(Y
∗
i ) and w
∗
Θ−h,i(Y
∗
i ) are defined.
3.3.1 Numerical calculation of the PSS weights
In case of calculating portfolio sensitivities ∆ and Γ the parameter Θ is identical to
one component of the initial daily forward price curve X∗(t0). Assume
Θ := X∗k(t0 = 0). (3.21)
In the following we use the upwards shifted scenario as an example to explain the
approach in detail.
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In order to derive w∗Θ+h,i(Y
∗
i ) consider an upwards shifted simulation scheme X
up(tq),
whose only difference to X∗(tq) is given by modified initial conditions
Xup(t0) = X
∗(t0) + h · ek. (3.22)
Here ek denotes a unit vector in direction k ≤ m. Equation (3.22) essentially defines
a shift-scenario of the original simulation scheme. The simple central finite difference
approximation of a sensitivity with regard to the kth component of X∗(t0) would be
to price the financial with an upwards and a downwards shifted simulation scheme,
subtract the results and divide by two times the shift size h. In contrast, the Proxy
Simulation Scheme framework enables to calculate both prices as expected values of
differently weighted realisations of the basis scheme X∗(tq) (compare section 2.2.4).
The shifted schemes can be seen as virtual schemes, as they will never physically be
simulated.
Equation (3.22) can be written in log-coordinates:
Kup(t0) = K
∗(t0) + δ
up
k · ek, (3.23)
with
δupk = log(Xk(t0) + h)− log(Xk(t0)). (3.24)
According to section 2.2.4 the associated weight is defined by
w∗Θ+h,i(Y
∗
i ) =
Φ∗Θ+h,i(Y
∗
i )
Φ∗Θ,i(Y
∗
i )
. (3.25)
This weight can be interpreted as a pathwise relation between the probability densi-
ties of one realisation Y ∗i of K
∗(tq) in the upwards shifted simulation scheme Kup(tq)
(numerator) and in the realisation-generating basis simulation scheme K∗(tq) (denom-
inator). Consequently, the weight needs to be recalculated for each simulation path i
that leads to an individual realisation of Y ∗i .
The evaluation of the denominator Φ∗Θ,i(Y
∗
i ) is straight forward as it simply describes
the probability density of one possible realisation of the implemented simulation scheme
K∗(tq) in exactly the same scheme. Therefore, it is identical to the product of the prob-
abilities of K∗i (tq) (q = 1, 2, . . . ,m) leading to Y
∗
i = (K
∗
i (t1),K
∗
i (t2), . . . ,K
∗
i (tm)). It is
obvious from equation (3.6), that these probabilities are identical to the probabilities
of the standard normal distributed multivariate vector ∆Ui(tq) (q = 1, 2, . . . ,m) and
therefore
Φ∗Θ,i(Y
∗
i ) =
m∏
q=1
(
(2pi)−(m−(q−1))/2 exp
(
−1
2
∆UTi (tq) · ∆Ui(tq)
))
. (3.26)
Without loss of generality, assume as a starting point for the derivation of the nu-
merator Φ∗Θ+h,i(Y
∗
i ) a shift of the first element of K
∗(t0), i.e.
Kup(t0) = K
∗(t0) + δ
up
1 · e1. (3.27)
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Than Φ∗Θ+h,i(Y
∗
i ) can be interpreted as the transition probability density of a movement
between t0 and t1, which makes the perturbed scheme K
up(tq) identical to the base
scheme K∗(tq) after the first time step:
Kup(t0) = K
∗(t0) + δ
up
1 · e1 (3.28)
Kup(tq)
!
= K∗(tq) for q = 1, 2, . . . ,m.
Bear in mind, that Kup(tq) can be seen as a virtual numerical simulation scheme.
Asking for the transition probability of the above mentioned movement is therefore
effectively asking for the probability density of a vector of standard normal distributed
random variables ∆Uup(t0) leading to the requested movement:
Kup(t1) = K
up(t0)− 1
2
Σ∗2(t0)1∆t+ Σ∗(t0)L∗(t0)∆Uup(t0)
√
∆t
= K∗(t0) + δ
up
1 · e1 −
1
2
Σ∗2(t0)1∆t+ Σ∗(t0)L∗(t0)∆Uup(t0)
√
∆t
!
= K∗(t1) = K∗(t0)− 1
2
Σ∗2(t0)1∆t+ Σ∗(t0)L∗(t0)∆U(t0)
√
∆t
⇐⇒∆Uup(t0) != ∆U(t0)− 1√
∆t
L∗−1(t0)Σ∗−1(t0)δ
up
1 · e1. (3.29)
In case of a perturbation of the kth element of K∗(t0), i.e. Kup(t0) = K∗(t0)+δ
up
k · ek,
the schemes will not be equalised within the first time step, but linearly until the kth
time step via a stepwise amendment of amount δupk /k:
∆Uup(tq)
!
= ∆U(tq)− 1√
∆t
L∗−1(tq)Σ∗−1(tq)
δupk
k
· ek for q < k. (3.30)
The requested transition probability density Φ∗Θ+h,i(Y
∗
i ) can then be derived similarly
to (3.26) as the product of the associated probability densities for ∆Uupi (tq) (q < k):
Φ∗Θ+h,i(Y
∗
i ) =
k∏
q=1
(
(2pi)−(k−(q−1))/2 exp(−1
2
(∆Uupi )
T (tq) · ∆Uupi (tq))
)
. (3.31)
The transition probability density in a downwards shifted scheme Kdown(tq) can be
derived analogously to (3.31) by using ∆Udowni (tq) (q < k) instead of ∆U
up
i (tq) with
∆Udown(tq)
!
= ∆U(tq) +
1√
∆t
L∗−1(tq)Σ∗−1(tq)
δdownk
k
· ek for q < k. (3.32)
Here, δdownk = log(Xk(t0)− h)− log(Xk(t0).
The associated probability density of a downwards shifted scheme can finally be
derived as follows:
Φ∗Θ−h,i(Y
∗
i ) =
k∏
q=1
(
(2pi)−(k−(q−1))/2 exp(−1
2
(
∆Udowni
)T
(tq) · ∆Udowni (tq))
)
. (3.33)
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3.3.2 Explicit PSS weight expressions for Delta and Gamma
Knowing Φ∗Θ+h,i(Y
∗
i ), Φ
∗
Θ−h,i(Y
∗
i ) and Φ
∗
Θ,i(Y
∗
i ), all weights needed for the calculation
of sensitivities with regard to an element of X∗(t0) (i.e. ∆ and Γ) are also known and
the sensitivities can be derived similar to equations (2.25) and (2.26) as
∆Θ =
∂
∂Θ
E[f(Y (Θ))] ≈ 1
n
n∑
i=1
f(Y ∗i ) ·
1
2h
(
Φ∗Θ+h(Y
∗
i )
Φ∗Θ(Y
∗
i )
− Φ
∗
Θ−h(Y
∗
i )
Φ∗Θ(Y
∗
i )
)
=
1
n
n∑
i=1
f(Y ∗i ) ·
1
2h
(
w∗Θ+h,i(Y
∗
i )− w∗Θ−h,i(Y ∗i )
)
(3.34)
ΓΘ =
∂2
∂Θ2
E[f(Y (Θ))] ≈ 1
n
n∑
i=1
f(Y ∗i ) ·
1
h2
(
Φ∗Θ+h(Y
∗
i )
Φ∗Θ(Y
∗
i )
+
Φ∗Θ−h(Y
∗
i )
Φ∗Θ(Y
∗
i )
− 2
)
=
1
n
n∑
i=1
f(Y ∗i ) ·
1
h2
(
w∗Θ+h,i(Y
∗
i ) + w
∗
Θ−h,i(Y
∗
i )− 2
)
. (3.35)
3.3.3 Structural extension of the pricing algorithm
One of the most important advantages of the Proxy Simulation Scheme method is,
that it can be used as an add-on module in combination with any already existing
Monte-Carlo pricing algorithm (compare sections (2.2.3) and (2.2.4)). The associated
structural approach is shown in figure 3.5.
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3.3 Proxy Simulation Scheme sensitivities (Delta and Gamma)
Start
Read 
Init
Generate all random
numbers for simulation i
Load random numbers for evolution of daily
forward price curve from day tq to tq+1
Roll daily price forward curve [tq+1; tm] and
derive hourly prices
Solve mip for all hours in [tq+1; tm], derive
optimal dispatch and payoff
Use results to fix dispatch and payoff of day tq+1
q = q+1
End
q = 0
Save payoff f(Y*i) and weighted
payoffs and write interim results
Is
q <m?
i = i+1
i = 1
Is
i<n?
Write final 
results
yes
yes
no
no
Calculated PSS weights as a product of step
wise probability densities
Fig. 3.5: Flowchart of a Monte-Carlo pricing algorithm including an add-on Proxy Simulation Scheme
module (highlighted in red).
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4 Code validation
This chapter provides a detailed validation of the numerical implementation of the
Proxy Simulation Scheme method as discussed in chapter 3 beginning with an intro-
duction to standard result types being derived and analysed throughout the upcoming
chapters. In addition it presents some key characteristics of the chosen setup of the
Proxy Simulation Scheme method which may be of interest especially for practitioners
who intend to adapt the method.
4.1 Normalisation and units of result types
As stated in section 3.2.1 the size of evaluated power plant options is usually nor-
malised to unity in this thesis (apart from a limited number of exceptions where the
different setup is explicitly pointed out). Due to the construction of applied risk fac-
tors (compare section 3.1.3) all results including value, Delta and Gamma are generally
available in daily granularity where each daily result type is effectively an aggregation
of the underlying 24 hourly results.
In order to provide intuitive and easy to generalise numerical results we will divide
all result types by a factor of 24 h. This approach has the great advantage that it
provides results which can directly be linked to normalised daily options. This is
especially true for Delta, now quoted in MW and identical to the amount of daily base
load products that are required to replicate the payoff of the original option via Delta
hedging. Therewith it is directly comparable to Deltas of well-known financial products
like the famous Black-Scholes option (Black and Scholes (1973)). Gamma cannot be
interpreted that intuitively but is fully consistent in our approach in providing the
correct derivative of Delta with respect to the underlying price of electricity as quoted
in e/MWh.
This approach will modify the units of our results as follows:
Value:
[
E[f(Y (Θ))]
]
= e =⇒ e/h (4.1)
Delta:
[
∂E[f(Y (Θ))]
∂Θ
]
= MWh =⇒ MW (4.2)
Gamma:
[
∂2E[f(Y (Θ))]
∂Θ2
]
=
(MWh)2
e
=⇒ (MW)
2h
e
. (4.3)
In the following sections we will skip the explicit indication of result units for sim-
plicity and better readability.
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Fig. 4.1: Hourly curve adjustment (hca) factor scenarios as applied for testing purposes.
4.2 Validation of mixed integer solver implementation
In order to confirm a correct implementation of the applied mixed integer solver GLPK
(2014) and associated language bindings for Fortran 90 (Kelly (2014)) in the overall
valuation framework we use two extreme setups of hourly curve adjustment (hca)
factors for 4 weekdays leading to power plant option values that can analytically be
backtested.
Both scenarios are shown in figure 4.1. The first scenario is characterised by zero
prices in all off-peak hours and a plateau of very high constant peak prices between
hour 10 and hour 16 which is enclosed by two hour blocks of different, intermediate
price levels. The second scenario provides the opposite price structure including very
high off-peak prices and a highly negative peak price plateau which is enclosed by two
hour blocks of different, positive price levels.
For power plant options whose strike prices correspond to a hca factor of 1.0 and
minimum uptimes and downtimes (compare section 3.2.1) in a range between 1 and 10
hours this extreme price framework only allows a single optimal dispatch solution per
option setup – even in case of reserve requirements. This dispatch leads to associated
daily numerical option values. However a known dispatch solution also enables to
express the option values analytically by values of strips of hourly call options in the risk
neutral framework (Black and Scholes (1973)). By comparing these two sets of values
we are able to test all technical components of our valuation algorithm in parallel,
including price evolution scheme, mixed integer optimisation module and writeout
routines.
Figure 4.2 provides average hourly dispatches for hca scenario 1 and two different
option setups: 1. a technically constrained option (tup = 11 and tdown = 1) without
reserve requirement and 2. a fully flexible option (tup = tdown = 1) subject to positive
reserve requirement (Respos = 0.2). Both simulations use n = 100 k Monte-Carlo
realisations.
Obviously the fully flexible option runs at minimum load (0.3) for all hours except
the high priced period where it runs at 0.8, which corresponds to maximum load (1.0)
minus the level of positive reserve requirement (0.2). This is fully consistent with the
theoretical expectation.
In contrast to this digital dispatch pattern the technically constrained option shows
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Fig. 4.2: Average hourly dispatch for all 4 days of hca scenario 1, (solid line: tup = 11, tdown = 1,
Respos = 0.0, dashed line: tup = tdown = 1, Respos = 0.2). n = 100 k.
hca analytical numerical relative
scenario tup tdown Respos Resneg daily value daily value deviation
1 6 1 0.0 0.0 12.5000 12.5000 -1.2E-06
1 8 1 0.0 0.0 11.5000 11.5001 6.1E-06
1 9 1 0.0 0.0 10.9375 10.9376 5.5E-06
1 11 1 0.0 0.0 9.7500 9.7500 -3.5E-06
1 1 1 0.2 0.0 -0.8750 -0.8749 -6.1E-0.5
1 1 1 0.0 0.2 -5.6250 -5.6252 2.8E-05
1 1 1 0.2 0.2 -8.1250 -8.1250 -4.3E-06
2 1 6 0.0 0.0 36.2500 36.2497 -7.0E-06
2 1 8 0.0 0.0 32.9167 32.9170 9.6E-06
2 1 9 0.0 0.0 31.0417 31.0417 7.5E-08
2 1 10 0.0 0.0 29.1667 29.1667 6.9E-07
Table 4.1: Theoretical and numerical daily results (normalised by factor 1/24h) for all hca scenarios
and applied test combinations of technical constraints and reserve requirements.
a more complex behavior with increasingly smooth outer ramps at later days. This is
due to the fact that only 10 subsequent hca factors are non zero while all other hca
factors are identical to zero. The minimum up-time constraint of 11 hours requires the
option to be online for 11 subsequent hours. In finding the optimal dispatch the mixed
integer solver is indifferent against dispatching either hour 7 or hour 18 as both have
zero hca factors and therefore zero prices. This leads to a 1 hour shifting freedom of the
in the money (itm) block. However the aggregated expected dispatch of hours 7 and
18 is identical to the minimum load of the option which demonstrates that within each
simulation realisation either hour 7 or hour 18 is dispatched - which is fully consistent
with the applied technical constraint.
Table 4.1 provides an overview about all test scenarios including the already dis-
cussed two cases. Hereby only average daily results are shown which is a valid reduc-
tion as the extreme hca scenarios lead to identical values for all 4 days anyway. The
numerical results are very close to analytical values for all scenarios with and without
reserve requirements and for options with different technical constraints.
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Value Delta Gamma
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Fig. 4.3: Convergence of numerical results for day 5 (dashed lines, gray areas indicate 95% confidence
intervals) of a fully flexible option in comparison to associated analytical results (solid lines).
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Fig. 4.4: Decay rate of 95% confidence interval of 7 day cumulated option results and comparison
to theoretically expected relation ∼ 1/√n (solid lines), where n denotes the number of
underlying Monte-Carlo realisations (dashed lines: tup = tdown = 1, Respos = Resneg = 0.0,
dashed-dotted lines: tup = 12, tdown = 8, Respos = Resneg = 0.0, dotted: tup = 12,
tdown = 8, Respos = Resneg = 0.2).
4.3 Monte-Carlo convergence
A key characteristic of each Monte-Carlo valuation algorithm is the convergence rate
of numerical estimators against associated true results.
Figure 4.3 provides exemplary results and associated 95% confidence intervals for
results of the fifth day of a fully flexible power plant option (tup = tdown = 1) which is
not subject to any reserve requirements. Hereby the confidence interval bases on the
sample standard deviation (2.6) and is calculated as 1.64 · sf/
√
n, where n denotes the
number of underlying Monte-Carlo realisations. This special setup allows to compare
the numerical estimators with analytical figures which are also shown in figure 4.3.
Obviously the numerical results converge well against the theoretical values.
According to section 2.1 the decay rate of the confidence interval around the value
estimator should be proportional to 1/
√
n. In contrast to finite difference sensitivities
this relation should also be valid for Proxy Simulation Scheme sensitivities. Figure
4.4 compares confidence interval decay rates of 7 day cumulated values, Deltas and
Gammas of different power plant options with and without reserve requirements. All
confidence intervals follow the theoretically expected decay rate.
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Fig. 4.5: Dependence of numerical results of a 7 day valuation tenor on the shift size h (dashed
lines: tup = tdown = 1, Respos = Resneg = 0.0, n = 20m, dashed-dotted lines: tup = 12,
tdown = 8, Respos = Resneg = 0.0, n = 7m, dotted lines: tup = 12, tdown = 8, Respos =
Resneg = 0.2, n = 1.1m) in comparison to analytical results of a fully flexible option (solid
lines).
4.4 Impact of shift size
As explained in section 2.2.4 the Proxy Simulation Scheme method includes a finite
difference approximation of required derivatives leading to a general discretisation bias.
However, as the approximation is applied to probability densities which are sufficiently
smooth, both shift size h and the bias can be very small.
In order to demonstrate this property figure 4.5 shows daily numerical results of a
fully flexible power plant option and a technically constrained power plant option with
and without reserve requirements each derived by using three different shift sizes h in
a range between 10−4 and 100. In addition figure 4.5 provides analytical results of the
fully flexible option for comparison. The simulations do not base on identical num-
bers of Monte-Carlo realisations which is the reason for different confidence intervals
especially visible in case of Gamma.
Comparing numerical results of the fully flexible option to theoretical values reveals
a systematic bias for the largest shift size of 100. This bias decreases when h is reduced
from 100 to 10−2 and is no longer relevant for the smallest applied shift size of 10−4.
At the same time the confidence interval is rather independent of the shift size.
Therefore we will use a shift size of h = 10−4 for all Monte-Carlo simulations through-
out this thesis.
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Fig. 4.6: Dependence of numerical results on the method of aligning the virtual simulation paths
(tup = 12, tdown = 8, Respos = Resneg = 0.0, n = 7m).
4.5 Alignment of forward price paths
As elaborated in section 3.3.1 the Proxy scheme and the basis simulation scheme are
not aligned in a single time step when a sensitivity with respect to the kth forward
price (i.e. the kth element of X∗(t0)) is derived, but is rather equalised linearly in all
k time steps between t0 and tk. This approach can be called log-linearly as the initial
perturbation and its step wise equalisation are expressed in log-coordinates.
We chose this log-linear alignment of forward price paths on purpose because it
has a beneficial impact on convergence rates of the Monte-Carlo results. Figure 4.6
shows exemplary results of a technically constrained power plant option without reserve
requirements which are derived by aligning price paths log-linearly, entirely within the
first time step and entirely within the last time step (the latter with respect to each
associated day). In addition figure 4.6 also shows theoretical results of a fully flexible
option for comparison.
Obviously the alignment approaches have a significant impact on associated con-
vergence rates. The daily confidence intervals decrease in the log-linear method with
increasing time to maturity while exactly the contrary effect is true for an alignment
in the first time step. An alignment in the last time step produces similar confidence
levels like the log-linear method for the first forward price but this level stays constant
instead of being reduced for higher time to maturity as observed for the log-linear
alignment. These effects are even more obvious in figure 4.7, which shows widths of
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Fig. 4.7: Dependence of the width of Γ confidence intervals on the method of aligning the virtual
simulation paths (dashed: tup = tdown = 1, Respos = Resneg = 0.0, n = 20m, dashed-
dotted: tup = 12, tdown = 8, Respos = Resneg = 0.0, n = 7m, dotted: tup = 12, tdown = 8,
Respos = Resneg = 0.2, n = 1.1m).
confidence intervals of daily Gamma for multiple option setups each using all three dif-
ferent alignment approaches. (This figure also reveals a general confidence level drop
on weekend days 6 and 7 which is further discussed in section 4.6.)
The observed confidence level dependencies can be explained by the size and the
underlying structure of the weight functions (3.25) being used in the Proxy Simula-
tion Scheme expressions of the sensitivities (3.34). These weights explicitly depend
on modified vectors of standard normal distributed random variables ∆Uup(t0) and
∆Udown(t0) (equations (3.30) and (3.32)) where the absolute size of the modification
depends on the associated volatility term structure (3.8) which is effectively a part
of the denominator. Therefore the absolute size of the weight function will generally
increase with lower applied volatilities. As the weight functions are directly multiplied
with option payoffs to produce Monte-Carlo samples whose average value serves as final
Monte-Carlo estimator, their absolute size has a direct influence on the convergence
rates of the estimators.
This effect is the reason for the observed confidence dependencies. When price
paths are fully aligned in the first time step the applied volatility for a sensitivity with
respect to the kth forward price is identical to σ∗k(t0) (equation 3.8) which decreases
with increasing k. This consequently leads to a decreased Monte-Carlo confidence level
for later days. This argument is further supported by figure 4.8 providing numerical
results including confidence intervals for a path alignment within the first time step
subject to two different, artificial volatility term structures. The first one is a constant
term structure on a comparably high level of σ∗1(t0) whereas the second emulates a very
sharp drop of volatility with increasing time to maturity. As expected the confidence
interval stays rather constant in the first case while it strongly increases in the second
case.
When price paths are fully aligned in the last time step before the kth forward
price is fixated the applied volatility is σ∗k(tk−1) which is always identical to the largest
element σ∗1(t0) of the volatility term structure. This leads to similar confidence levels
for the entire valuation tenor. Please note that this level is the same comparably low
level as observed for the first forward price when price paths are aligned in the first
time step.
In case of a log-linear alignment of price paths an additional effect influences the
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Fig. 4.8: Dependence of numerical results (dashed lines) and associated 95% confidence intervals
(gray areas) on the volatility term structure when virtual paths are aligned in the first time
step (tup = tdown = 1, Respos = Resneg = 0.0, n = 0.3m). Analytical results are provided
for comparison (solid lines). Top: σ∗ = 1.18, Bottom: σ1 = 1.5, σ2 = 0.0, κ = 100.
confidence rates at later days. The absolute confidence level of sensitivities with respect
to the first forward price is similar to results of the other two alignment methods. This
is again due to the fact that all approaches must align the first forward price within
the same first time step using the same volatility σ∗1(t0). However where the weight
functions of the other two methods depend only on random numbers as used in one
associated time step, the weight functions of the log-linear method include weighted
random numbers of multiple, independent time steps – the more the higher the time
to maturity. These random numbers are entirely uncorrelated for two consecutive time
steps and therefore lead to a variance reduction of the weight functions being directly
visible in figure 4.7.
4.6 Standard error on weekend and weekdays
As already mentioned in section 4.5 it can be observed that numerical confidence levels
are generally lower on weekends than on weekdays (figures 4.6, 4.7 and 4.8).
Similar to the impact of volatility as discussed in section 4.5 this is a direct effect of
the structure of the weight functions (3.25). The volatility is given in the denominator
of the argument of the exponential functions that are part of the weights, leading to a
confidence increasing effect for higher applied volatilities. In contrast the shift size h is
part of the logarithmic shift sizes δ
up/down
k (3.24) and therewith part of the numerator
of the argument of the exponential functions. Since the logarithmic shift sizes also
depend on the absolute price level δ
up/down
k increase with decreasing prices. Due to the
positioning of δ
up/down
k in the numerator this leads to a lower confidence level for lower
weekend prices.
This effect can be eliminated by using a variable shift size h which compensates all
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Fig. 4.9: 95% confidence levels of daily Value, Delta and Gamma results for fully flexible option
based on constant shift sizes of h = 10−4 for all days (dashed lines) and on variable shift
sizes, i.e. hwd = 10
−4 and hwe = 3/5 · 10−4 (dotted lines).
impacts on the logarithmic shift sizes due to differences of initial forward prices. This is
demonstrated by figure 4.9 which shows confidence levels of numerical results of a fully
flexible power plant option being derived by 1. using a constant shift size h = 10−4
for all days and 2. using the same shift size for weekdays but an appropriately down
scaled shift size for weekends. However this shift modifying approach can generally
raise numerical stability issues in case initial forward prices vary significantly. Therefore
we will stick to the constant absolute shift size h = 10−4 throughout this thesis.
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5 Single option sensitivities
Before numerical results of the Proxy Simulation Scheme method are analysed for port-
folios of multiple power plant options in chapter 6 this chapter presents the impact of
different technical constraints and external reserve requirements only on stand-alone
power plant options. Even these simplified setups can lead to unintuitive results whose
underlying drivers need to be identified before being able to separate them from more
complex portfolio interdependencies in later analyses.
After a detailed discussion of these findings, followed by a short introduction to dif-
ferences between Delta and expected dispatch, we provide a comprehensive verification
of all numerical results including sensitivities via both a Delta-Gamma hedging back-
testing framework and the comparison of single step probability densities of option value
changes.
5.1 Impact of technical constraints
As explained in sections 3.2.1 and 3.2.2 technical constraints are typically not identical
for different power plant options and need to be fulfilled separately for each option.
In the absence of global portfolio constraints (like reserve requirements) these local
constraints will lead to time coupling effects on the dispatch of each individual power
plant but not to any kind of interdependencies between dispatch decisions of different
power plant options.
In this thesis we will especially analyse the impact of minimum up- and down-
times tpup/down and option strikes κ
p with and without additionally applied reserve
requirements Respos/neg. Section 5.1 focuses on technical constraints of stand-alone
power plant options while combinations with reserve requirements are provided in
section 5.2.
5.1.1 Minimum up time
Figure 5.1 shows daily numerical results of four power plant options with different
minimum up-times in a range between 4 and 48 hours, minimum down-time of 1 hour
and identical strikes κ = 50. For comparison figure 5.1 also provides daily analyt-
ical results of a fully flexible hourly option based on standard Black-Scholes option
evaluation (Black and Scholes (1973)).
For a minimum up-time of tup = 4 there are no significant deviations between ana-
lytical and numerical results for weekdays (i.e. day 1 to day 5) whereas for weekends
(day 6 and 7) both value and Delta are slightly reduced. This can be explained via
the hourly price shape (section 3.1.4) in combination with the different average price
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Fig. 5.1: Dependence of numerical Values, Deltas and Gammas on the minimum up-time tup of the
power plant option for a tenor of 7 days (dashed lines, tdown = 1, n = 10m, κ = 50).
Analytical benchmark results of a fully flexible option are provided in comparison (solid
lines).
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Fig. 5.2: Average hourly dispatch for all 7 days of a technically constrained option with tup = 12
and tdown = 1 (dashed line) in comparison to the dispatch of a fully flexible option (solid
line).
level on weekdays and weekends. On weekdays in the money blocks, i.e hours where
αl ·Xj(tj) > κp, are typically longer than 4 hours while on weekends this length gener-
ally decreases as the options are overall deep out of the money. Therefore the technical
up-time constraint tup = 4 has an impact on option dispatches on weekends while
dispatches on weekdays are rather unaffected.
This changes when the minimum up-time is increased to tup = 12. Now the value
is reduced for all days and therewith close to zero on weekend days while Delta and
Gamma are systematically increased on weekdays but decreased on weekend days. This
can directly be explained by a comparison of the structure of the average dispatch in
the constrained case and the average dispatch of a fully flexible hourly option (figure
5.2). The increased up-time constraint leads to more frequent option exercises during
midday hours of weekdays. This results in lower daily values as these hours are typically
out of the money, but also in higher Deltas as the power plant option runs additional
hours which is equivalent to an increased sensitivity with respect to electricity price
changes. Due to the applied hourly price shape the longer online block is closer at the
money than the smaller hourly blocks in case of a fully flexible option, which leads
to the increased daily Gamma values for tup = 12. To support this explanation figure
5.3 shows Black-Scholes Gammas for an option that mirrors the typical power plant
option dispatch in case of tup = 12, i.e. the option is online from hour 3 to hour 23
while running at maximum load of 1.0 when αl ≥ 1 and at minimum load of 0.3 when
αl < 1. Obviously this can only serve as a rough approximation of the real effect but
even this approach is able to replicate both structure and direction of the Gamma
deviation. Interestingly Gamma is on average higher on weekdays for tup = 12 than
for tup = 4 in this setup, even though Gamma is commonly interpreted as a measure
for the flexibility of a financial product and following this logic could be expected to
decrease for stricter technical constraints.
According to figure 5.2 a minimum up-time of 12 reduces the average dispatch on
weekend days significantly. This is due to the fact that only a small amount of con-
secutive hours is in the money on these days which makes a 12 hour dispatch usually
uneconomical. This effect is comparable to an additional out of the money shift of the
option which is consistent with the observed reduction of value, Delta and Gamma on
weekends.
A further increase of minimum up-time to tup = 24 intensifies the impact on both
value and Delta of the option while the daily structure of Gamma shows additional
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Fig. 5.3: Analytical Black-Scholes Gamma results of a constrained option with a single in the money
block of 21 hours (dashed line) in comparison to the analytical Gamma of a fully flexible
option (solid line).
features. Gamma is significantly larger on the first day and comparably smaller on the
second day. This reflects the high flexibility of the power plant option with respect to
the point in time during the first day when it is started (if at all), which subsequently
limits the flexibility of the dispatch on the second day as the option needs to stay
online at least for 24 hours after a start-up.
This effect becomes even more dominant when the minimum up-time is further
increased to tup = 48. Now dispatch decisions on the first day influence and dominate
all dispatch decisions of later days which leads to a comparably high Gamma on the
first day and smaller Gammas on consecutive days. In addition all numerical results
now show a spike structure with period length of two days. This is consistent with the
minimum up-time constraint of 48 hours which generally limits the dispatch flexibility
on each first day after the day when a dispatch decision has been taken. Similar to the
option with tup = 24 also the more inflexible option with tup = 48 is per construction
of the mixed integer optimisation problem flexible in the decision when to start-up on
the first day (if at all) and will typically be started in the evening price peak. This
leads to a relatively high value, a relatively low Delta and a high Gamma on the first
day. However this dispatch decision implies a must-run condition during the second
day which leads to comparably low value, high Delta and low Gamma. The must-run
condition expires during day three which lifts value and Gamma while leading to a
lower Delta - similar to the first day.
Both options with tup = 24 and tup = 48 are almost never dispatched on day 6 which
leads to numerical results close to zero. These values increase again for day 7. This
effect is a numerical artifact which is due to the open right boundary condition of the
mixed integer optimisation problem. The applied solver does only take into account
technical constraints within the valuation tenor including all hours of day seven in
figure 5.1. In case minimum up- or down-times exceed the number of remaining hours
of the valuation tenor, these technical constraints will effectively be lowered to match
the number of remaining hours. This leads to an artificially higher option flexibility
during the last day in this numerical setup.
Figure 5.4 aggregates all results as provided in figure 5.1 in order to identify general
trends for weekday and weekend results. We will use this kind of visualisation regularly
in chapter 6 to show dependencies of results of power plant option portfolios.
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Fig. 5.4: Dependence of average daily Values, Deltas and Gammas (dashed lines) for weekdays and
weekend days on the minimum up-time tup in comparison to analytical results of a fully
flexible option (solid lines). 95% confidence intervals denoted by error bars and gray areas.
n = 10m.
5.1.2 Minimum down time
The impact of increasing minimum down-time is of similar size as the impact of min-
imum up-time (section 5.1.1), although structurally not identical in all cases. Figure
5.5 shows daily numerical results for four power plant options with different minimum
down-times between 4 and 48 hours, minimum up-time of 1 hour and identical strikes
κ = 50. For comparison also daily analytical results for a fully flexible hourly option
are provided.
Similarly to a low minimum up-time (figure 5.1) a minimum down-time of tdown = 4
has no relevant impact on the numerical results. This changes for a minimum down-
time of tdown = 8 and the impact on both value and Gamma is comparable to the impact
of a minimum up-time of tup = 12. However where this minimum up-time leads to an
increase of Delta on weekdays, tdown = 8 leads to a significant Delta reduction. This
can be explained by the structure of the average hourly dispatch of the constrained
power plant option as provided in figure 5.6. In contrast to the generally increased
average dispatch for tup = 12 (figure 5.2) tdown = 8 results in longer shut-downs periods
during midday and night hours. This subsequently leads to a decreased average daily
dispatch and the observed decreased daily Delta on weekdays. The minor down-time
constraint does not impact weekend results significantly because the period between
in the money hours is typically longer than the applied minimum down-time, leading
to almost unchanged dispatches and therefore only minor impacts on numerical results
on weekends.
The results for tdown = 24 and tdown = 48 show similar impacts as already explained
for higher minimum up-times in section 5.1.1. The numerical values deviate signif-
icantly from analytical results of a fully flexible option and are overlaid by a spike
structure. This spike structure has a slightly different shape than the structure for
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Fig. 5.5: Dependence of numerical Values, Deltas and Gammas on the minimum down-time tdown
of the power plant option for a tenor of 7 days (dashed lines, tup = 1, n = 10m, κ = 50).
Analytical benchmark results of a fully flexible option are provided in comparison (solid
lines).
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Fig. 5.6: Average hourly dispatch for all 7 days of a technically constrained option with tup = 1 and
tdown = 8 (dashed line) in comparison to the dispatch of a fully flexible option (solid line).
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Value Delta Gamma
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Fig. 5.7: Dependence of average daily Values, Deltas and Gammas (dashed lines) for weekdays and
weekend days on the minimum down-time tdown in comparison to analytical results of fully
flexible option (solid lines). 95% confidence intervals denoted by error bars and gray areas.
n = 10m.
higher minimum up-times because relevant dispatch decisions (e.g. when to shut down
on the first day of the valuation tenor) are usually taken at different points in time
than in case a minimum up-time constraint is valid. Again weekday Gammas are
positively impacted by increased technical constraints even though it could intuitively
be expected that the overall flexibility of the power plant option should rather be
decreased.
Similarly to figure 5.4 figure 5.7 provides an aggregated view on the individual option
results which clearly shows the discussed trends.
5.2 Impact of reserve requirement
Reserve requirements need to be served on a portfolio level and therefore impose global
constraints on the involved set of power plant options. In contrast to local constraints
like option specific technical constraints reserve requirements typically lead to inter-
dependencies between dispatches of different power plant options within the portfolio.
In a first step we discuss the impact of reserve requirements on stand-alone options in
this section before entire portfolios are analysed in chapter 6.
5.2.1 Positive reserve requirement
Figure 5.8 shows numerical results of a technically constrained power plant option
(tup = 12, tdown = 8, κ = 50) without reserve requirements and subject to 0.3 and
0.5 positive reserve requirement in comparison to analytical results of a fully flexible
option. According to the general model setup (section 3.2.1) the option’s minimum and
maximum load are 0.3 and 1.0. Subject to reserve requirements the option is forced
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Fig. 5.8: Numerical results of a technically constrained power plant option with tup = 12, tdown = 8
and κ = 50 without reserve requirements (dashed lines) and subject to positive reserve
requirements of 0.3 (dotted lines) and 0.5 (dashed-dotted lines) in comparison to analytical
results of a fully flexible option (solid lines). n = 3m.
to stay online in all hours (strict must-run condition) while being able to ramp up the
amount of positive reserve requirement in each hour within the valuation tenor. This
limits the load flexibility of the power plant option to the interval [0.3, 0.7] in case of
0.3 reserve requirement and [0.3, 0.5] in case of 0.5 reserve requirement.
The effect of this limitation is clearly visible in figure 5.8. For Respos = 0.3 the
option value decreases significantly on weekdays and even more on weekends which is
due to a combination of an increased amount of hours with negative value contribution
triggered by the overall must-run condition and the reduced effective maximum load
of 0.7 limiting the positive value contribution of in the money hours. The first effect
leads to a general increase of Delta as more electricity is produced in out of the money
hours while the second effect leads to lower electricity production during in the money
hours and therefore a negative impact on Delta. In the chosen model setup the latter
effect predominates on weekdays and yields a slightly reduced Delta on weekdays while
the must-run condition leads to a significantly increased Delta on weekends. Please
note that the relative impact size of both effects may vary for different hourly price
shapes or option strikes. Gamma is generally reduced due to the overall reduction of
flexibility of the power plant option which is here consistent with the interpretation of
Gamma as a measure for flexibility of a financial product or a portfolio.
When the amount of positive reserve requirement is increased to Respos = 0.5 an
additional value decrease can be observed on weekdays. However this additional effect
is lower than the impact of imposing a reserve requirement at all when comparing
results without reserve requirements and subject to a minor reserve requirement of
Respos = 0.3. This is due to the fact that the must-run condition is similarly valid
for both amounts of reserve requirements and an additional increase from 0.3 to 0.5
only impacts the effective maximum load during in the money hours. This is also the
explanation for almost no additional value drop on weekends as the absolute amount of
in the money hours is significantly lower on weekends than on weekdays. Consistently
with this argumentation Delta is significantly reduced on weekdays and only slightly
downwards shifted on weekends. Gamma is again generally reduced with respect to
results for Respos = 0.3 which is a results of the additionally decreased load flexibility
on all days.
Figure 5.9 shows the average impact of an increased positive reserve requirement
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Fig. 5.9: Dependence of average daily numerical results of a technically constrained power plant
option with tup = 12, tdown = 8 and κ = 50 (dark gray columns) and tup = tdown = 4 and
κ = 50 (light gray columns) on the amount of positive reserve requirement in comparison to
constant analytical results of a fully flexible option (solid lines). 95% confidence intervals
denoted by error bars. n = 3m.
on two different stand-alone power plant options separated by weekdays and weekend
days. The first option has already been discussed above (i.e. tup = 12, tdown = 8,
κ = 50), the second options is more flexible in terms of minim up- and down time
(tup = tdown = 4, κ = 50). Similarly to figures 5.4 and 5.7 this visualisation provides a
good overview about the discussed trends for the technically more constrained option.
The comparison to the more flexible option shows in addition that different up- and
down-times do not have any impact on numerical results in case of existing reserve
requirements (within given confidence levels). This is consistent with the chosen model
setup that does not take ramp rates into account. In this setup the option is able to
ramp an arbitrary percentage of the maximum load from one hour to the next hour
(which is not unrealistic for flexible physical generation assets). In case the option
needs to stay online in all hours due to the reserve requirement, up- and down-time
constraints are no longer relevant as the option can ramp instantly between minimum
load and (effective) maximum load, independently of the exact value of tup and tdown.
This leads to identical dispatches and therefore identical numerical results for both
options. However this coincidence is only true for stand-alone options. In case of
multiple option portfolios the impact of increasing reserve requirements clearly depends
on technical parameters of the involved power plant options as discussed in chapter 6.
5.2.2 Negative reserve requirement
Similarly to figure 5.8 figure 5.10 shows numerical results of a technically constrained
power plant option (tup = 12, tdown = 8, κ = 50) without reserve requirements and
subject to 0.3 and 0.5 negative reserve requirement in comparison to analytical results
of a fully flexible option.
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Fig. 5.10: Numerical results of a technically constrained power plant option with tup = 12, tdown = 8
and κ = 50 without reserve requirements (dashed lines) and subject to negative reserve
requirement of 0.3 (dotted line) and 0.5 (dashed-dotted lines) in comparison to analytical
results of a fully flexible option (solid lines). n = 3m.
Where the positive reserve requirements in section 5.2.1 limit the option’s load to the
intervals [0.3, 0.7] for Respos = 0.3 and [0.3, 0.5] for Respos = 0.5, the applied negative
reserve requirements of 0.3 and 0.5 limit the load to the intervals [0.6, 1.0] and [0.8, 1.0]
respectively. In contrast to a positive reserve requirement that reduces the effective
maximal load, a negative reserve requirement increases the effective minimum load.
This directly leads to a significantly stronger impact of the must-run condition resulting
in significant value drops especially on the weekend and a general Delta increase for
all days of the valuation tenor. The absolute size of the effective load intervals are
exactly the same as in the setup with positive reserve requirement. Therefore also the
flexibility of the option dispatches are identical being the reason for the same level of
Gamma in figures 5.8 and 5.10.
Similar to figure 5.9 figure 5.11 shows the average impact of an increased negative
reserve requirement on two different power plant options separated by weekdays and
weekend days. As discussed for positive reserve the numerical results do not depend
on tup and tdown in case of existing reserve requirements - no matter of positive or
negative reserve requirements - as long as the analysis is performed for a stand-alone
power plant option.
As the impact of negative reserve requirements is very similar to the impact of
positive reserve requirements apart form the absolute size we will usually focus on
positive reserve requirements in the following analyses of this thesis.
5.2.3 Combination of positive and negative reserve requirements
Figure 5.12 provides numerical results of a technically constrained power plant op-
tion (tup = tdown = 4, κ = 50) subject to both 0.3 positive and 0.3 negative reserve
requirement in comparison to analytical results of a fully flexible option.
These requirements limit to options’s load flexibility to the interval [0.6, 0.7] which
leads to Gamma results close to zero for all days of the valuation tenor. Delta is
generally increased and shows an almost flat daily structure within the allowed load
interval. This is consistent with the limited flexibility of the option that makes its
dispatch very similar to the dispatch of a linear product like a forward or future contract
(with contracted base load capacity of ≈ 0.65 on weekdays and ≈ 0.6 on weekend days).
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Fig. 5.11: Dependence of average daily numerical results of a technically constrained power plant
option with tup = 12, tdown = 8 and κ = 50 (dark gray columns) and tup = tdown = 4 and
κ = 50 (light gray columns) on the amount of negative reserve requirement in comparison
to constant analytical results of a fully flexible option (solid lines). 95% confidence intervals
denoted by error bars. n = 3m.
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Fig. 5.12: Numerical results of a technically constrained power plant option with tup = tdown = 4
which is subject to positive and negative reserve requirement of Respos = Resneg = 0.3
(dashed line) in comparison to analytical results of a fully flexible option (solid lines).
n = 3m.
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With respect to numerical results for either positive or negative reserve requirement
(figures 5.8 and 5.10) the value is further decreased on weekdays which is a result of the
stricter must-run condition. The value on weekend days is similar to previous results
of the option subject to only negative reserve requirement as the option is so deep
out of the money on weekend days that the reduction of upside flexibility due to the
additional positive reserve requirement is negligible.
5.3 Delta vs. expected Dispatch
In comparison to the real sensitivity Delta the expected dispatch of a power plant
option can be derived rather easily and numerically cost efficiently and has usually
a high acceptance of both practitioners and decision-makers in the industry sector.
However there is a systematical bias between the two result types because the expected
dispatch is not able to cover the entire non-linearity of a typical option product. This
is the reason why especially in the area of risk controlling and risk management a naive
utilisation of expected dispatch instead of Delta is usually not accepted.
In this section we will discuss the bias for some exemplary cases before we will
demonstrate the explicit requirement of the sensitivity Delta for a risk assessment of
constrained power plant options via backtesting results in section 5.4.
5.3.1 Only technical constraints
Figure 5.13 shows numerical Deltas of different technically constrained power plant
options with identical strikes κ = 50 without reserve requirements in comparison to
both associated expected dispatches and analytical Deltas of a fully flexible option.
The general downwards bias between Delta and expected dispatch is clearly visible
for all analysed options even though the absolute level of deviation decreases when both
results converge against zero as it is the case for tup = 12 and tdown = 8 on weekend
days. The overall bias might seem to be small but it has to be taken into account that
hedging on the basis of expected dispatch instead of Delta would lead to a hedging
error of up to 20% for the analysed options which effectively means that up to 20% of
the electricity production would systematically remain unhedged and therefore subject
to market price risk. This is clearly unacceptable for both portfolio management and
risk controlling purposes.
Figure 5.14 provides an aggregated visualisation of the discussed results that demon-
strates the systematical bias even more clearly.
5.3.2 Technical constraints and reserve requirements
Similar to figures 5.13 and 5.14 figures 5.15 and 5.16 show numerical Deltas of different
technically constrained power plant options with identical strike κ = 50 subject to
positive reserve requirement (Respos = 0.3) in comparison to both associated expected
dispatches and analytical Deltas of a fully flexible option.
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Fig. 5.13: Comparison of daily numerical Deltas (dashed lines) with daily expected dispatches
(dashed-dotted lines) of options with different technical constraints, and analytical re-
sults of fully flexible options (solid lines). Dispatch calculations base on 100k realisations
each while different n is used for Delta derivation (left: 20m, middle: 10m, right: 7m).
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Fig. 5.14: Dependence of weekday and weekend day averaged Delta (dashed lines) and expected
dispatch (dashed-dotted lines) on the size of technical constraints (indicated by tup/tdown)
in comparison to analytical results of a fully flexible option (solid lines). Simulation
specifications are identical to figure 5.13.
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Fig. 5.15: Comparison of daily numerical Deltas (dashed lines) with daily expected dispatches
(dashed-dotted lines) for options with different technical constraints and subject to posi-
tive reserve requirement of Respos = 0.3. Analytical results of a fully flexible option are
provided for comparison (solid lines). Dispatch calculations base on 100k realisations each
and Delta results on n = 3m.
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Fig. 5.16: Dependence of weekday and weekend day averaged Delta (dashed lines) and expected
dispatch (dashed-dotted lines) on the size of technical constraint (indicated by tup/tdown)
when the options are subject to a positive reserve requirement of Respos = 0.3 in compar-
ison to analytical results of a fully flexible option (solid lines). Simulation specifications
identical to figure 5.15.
Again the systematical bias between Delta and expected dispatch is clearly visible,
however its size is smaller than in case of absent reserve requirements. This is due to
the fact that the bias is a direct result of the nonlinearity of the option payoff functions
which is decreased by imposed reserve constraints that reduce the ability of the option
to adjust its load to different hourly price levels. Anyway the hedging error is still in
a range of 10% of the overall electricity production.
As expected from the discussion in section 5.2.1 different up- and down-time con-
straints do not have an effect on Delta or average dispatch in case of an existing positive
reserve requirement.
5.4 Backtesting via Delta-Gamma hedging framework
As analytical results for sensitivities of constrained power plant options are only avail-
able for a couple of rather artificial cases it is usually not possible to backtest numerical
results of this thesis against theoretical values. An alternative in such a case is to use a
backtesting hedging framework that performs a step wise Delta-Gamma hedging of the
evaluated option at each discrete point in time of the numerical valuation framework. A
comparison of the distributions of hedged and unhedged option payoff realisations then
allows to verify the hedge efficiency and thereby the quality of the applied numerical
sensitivities Delta and Gamma.
This approach involves a combination of inner and outer Monte-Carlo simulations as
described in section 5.4.1 which is numerically very cost demanding. Therefore we use
this approach only to verify the quality of sensitivities for power plant options without
additional reserve requirements and use a second backtesting method in section 5.5 to
assess numerical results of options that are also subject to reserve requirements.
5.4.1 Backtesting hedging framework implementation
The implemented backtesting hedging framework consists of an outer Monte-Carlo
valuation module and the standard Proxy Simulation Scheme implementation that is
60
5.4 Backtesting via Delta-Gamma hedging framework
called by the outer module within each time step. The outer module serves three main
purposes:
1. It derives outer Monte-Carlo dispatch and payoff realisations for all days of the
chosen valuation tenor.
2. Within each time step of these realisations it passes the current status of the outer
simulation including historical option dispatches and the current daily price for-
ward curve over to the Proxy Simulation Scheme implementation, which derives
daily Deltas and Gammas via an inner (or embedded) Monte-Carlo simulation
and passes them back to the outer module.
3. Based on these sensitivities the outer module defines the amount of daily forwards
and at the money Black-Scholes options that is needed to hedge the power plant
option’s risk position.
Thereby the backtesting implementation is able to generate outer payoff realisations
of the power plant option for each day of the valuation tenor and in addition cumulated
payoff realisations of the defined hedge products. This allows to directly compare payoff
distributions of unhedged and hedged power plant options.
For reasons of numerical performance we use a valuation tenor of four weekdays.
The number of outer Monte-Carlo realisations is always set to 100 while the amount
of inner Monte-Carlo realisations is varied between 100k and 500k. Outer simulation
results are translated to smooth probability distributions via standard Gaussian kernel
density estimation (Kroese et al. (2011) and Wessa (2012)).
5.4.2 Results for a fully flexible option
As a reference for the backtesting hedging approach the method is at first used for
backtesting numerical sensitivities of a fully flexible option. This allows to use the
method also in combination with analytical sensitivities providing a natural quality
check of the backtesting method itself.
Figure 5.17 provides all backtesting hedging results for a fully flexible power plant
option. The graphs on the left hand side show standard deviations of unhedged daily
payoffs for all four days of the valuation tenor in comparison to the standard deviations
of Delta- and Delta-Gamma-hedged payoffs all based on the same 100 outer Monte-
Carlo realisations. The graphs on the right hand side show associated kernel density
estimators of the probability distributions of four days cumulated option payoffs.
The graphs on top in figure 5.17 base on a backtesting hedging framework that uses
analytical sensitivities for hedging the fully flexible power plant option. This setup
should theoretically lead to the best possible hedging efficiency within the implemented
daily model as the analytical sensitivities exactly match the risk profile of the option
up to second order effects. The hedging effect of Delta is clearly visible both in terms
of significantly reduced daily standard deviations and a narrowed probability density
of the cumulated payoffs. The hedging effect of Gamma is smaller being consistent
with the model setup as the power plant option is at-the-money only for a few hours
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Fig. 5.17: Impact of analytical and numerical Delta hedging (dashed lines) and Delta-Gamma hedg-
ing (dotted lines) on the standard deviation of daily payoffs (left, solid lines) and gaussian
kernel density of the cumulated payoff (right, solid lines) of a power plant option with
tup = tdown = 1, κ = 50 and Respos = 0.0. Top: analytical hedging, middle: numerical
hedging with 100k inner Monte-Carlo realisations, bottom: numerical hedging with 500k
inner Monte-Carlo realisations.
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per day. The remaining standard deviation of the Delta-Gamma hedged option is due
to the fact that the implemented model allows hedging only in daily granularity. This
can obviously only serve as a rough approximation for continuous hedging which would
theoretically yield zero standard deviations.
The graphs in the middle of figure 5.17 provide results based on 100k inner Monte-
Carlo realisations for the calculation of numerical sensitivities. Both daily standard
deviations and the probability density of the unhedged option are not identical to
the analytically hedged results as this second backtesting uses different Monte-Carlo
realisations than applied in the first example. It can be observed that especially the
hedge effect of Gamma is not as good as in the case of analytical hedge parameters.
However the overall hedge efficiency of the numerical sensitivities is obvious – even
though the chosen amount of 100k inner realisations is rather insufficient to produce
stable sensitivities.
Therefore the graphs at the bottom of figure 5.17 provide additional results based
on 500k inner Monte-Carlo realisations. Again the results base on different realisations
which explains slightly different curve shapes but now the hedge efficiency of the nu-
merical sensitivities is in the range of analytical sensitivities. This confirms the validity
of the backtesting hedging approach as well as the quality of the numerical sensitivities
for the fully flexible power plant option.
5.4.3 Results for technically constrained options
Similar to figure 5.17 figure 5.18 provides results of the backtesting hedging framework
for a technically constrained power plant option (tup = 12, tdown = 8, κ = 50) without
external reserve requirements.
The hedge efficiency of the numerical sensitivities is clearly visible in case of 500k
inner Monte-Carlo realisations. As can be expected the numerical sensitivities are su-
perior both in terms of reduced daily standard deviations and a sharper peak structure
of the probability density distribution than analytical sensitivities for a fully flexible
option, which deviate from appropriate numerical values (compare e.g. figure 5.8).
However the overall difference is minor as the deviation between numerical and ana-
lytical daily sensitivities is rather small, being especially true for Delta that leads to
the majority of the hedging effect.
Therefore the backtesting framework is also applied in combination with more heav-
ily constrained options whose numerical sensitivities deviate more from theoretical
results. We use two option specifications that have already been discussed in sections
5.1.1 and 5.1.2 (figures 5.1 and 5.5), i.e. tup = 24, tdown = 1, κ = 50 and tup = 1,
tdown = 24, κ = 50. Associated backtesting results based on both analytical and
numerical sensitivities (500k inner realisations) are provided in figures 5.19 and 5.20.
Both visualisations clearly show the on average higher hedging efficiency of the numer-
ical results, which serves as an indication for the applicability of our numerical Deltas
and Gammas as estimators of the real first and second order derivatives.
This finding is further supported by figure 5.21 showing the impact of Delta hedging
and Delta-Gamma hedging on the normalised standard deviation of the cumulated
option payoffs in waterfall diagrams. In both cases it can be observed that the hedge
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Fig. 5.18: Impact of analytical and numerical Delta hedging (dashed lines) and Delta-Gamma hedg-
ing (dotted lines) on the standard deviation of daily payoffs (left, solid lines) and gaussian
kernel density of the cumulated payoff (right, solid lines) of a power plant option with
tup = 12, tdown = 8, κ = 50 and Respos = 0.0. Top: analytical hedging, middle: numer-
ical hedging with 100k inner Monte-Carlo realisations, bottom: numerical hedging with
500k inner Monte-Carlo realisations.
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Fig. 5.19: Impact of analytical and numerical Delta hedging (dashed lines) and Delta-Gamma hedg-
ing (dotted lines) on the standard deviation of daily payoffs (left, solid lines) and gaussian
kernel density of the cumulated payoff (right, solid lines) of a power plant option with
tup = 24, tdown = 1, κ = 50 and Respos = 0.0. Top: analytical hedging, bottom: numeri-
cal hedging with 500k inner Monte-Carlo realisations.
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Fig. 5.20: Impact of analytical and numerical Delta hedging (dashed lines) and Delta-Gamma hedg-
ing (dotted lines) on the standard deviation of daily payoffs (left, solid lines) and gaussian
kernel density of the cumulated payoff (right, solid lines) of a power plant option with
tup = 1, tdown = 24, κ = 50 and Respos = 0.0. Top: analytical hedging, bottom: numeri-
cal hedging with 500k inner Monte-Carlo realisations.
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Fig. 5.21: Percentage decrease of the normalised standard deviation of the cumulated option payoff
due to ∆ hedging and additional Γ hedging (κ = 50, Respos = 0.0). Left: analytical
hedging, right: numerical hedging with 500k inner Monte-Carlo realisations.
efficiency of the numerical Delta exceeds the efficiency of the analytical Delta and even
though the impact is smaller in absolute terms, the numerical Gamma is also superior
to the analytical reference values.
5.5 Backtesting via single step probability distributions
5.5.1 Implemented method
As explained in section 5.4 we use a more numerical cost efficient method in addition to
the backtesting hedging framework to assess the quality of numerical sensitivities also
for power plant options subject to reserve requirements. This approach utilises the fact
that the step wise evolution of the value of a power plant option dV can be expressed
in terms of its sensitivities via a Taylor series (e.g. Riley et al. (2006)). A truncation
of this series after the second order sensitivity yield the famous ∆-Γ-approximation
(e.g. Deutsch (2004)) which is also commonly used as the basis to derive a simplified
Value-at-Risk (e.g. Jorion (2011)):
dV (X(t0)) = V (X(t0) + dX(t0))− V (X(t0))
≈
m∑
j=1
∂V
∂Xj
(t0)dXj(t0) +
1
2
m∑
j=1
∂2V
∂X2j
(t0)(dXj(t0))
2
=
m∑
j=1
∆j(t0)dXj(t0) +
1
2
m∑
j=1
Γj(t0)(dXj(t0))
2. (5.1)
The value difference on the left hand side of equation (5.1) can easily be determined
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by numerically deriving expected option payoffs based on both the initial daily forward
price curve X(t0) and the same forward curve after a random single step price evolution
X(t0 +∆t) and taking the difference. The terms on the right hand side depend only on
already known random price evolutions and numerical sensitivities ∆j(t0) and Γj(t0)
which can been derived ex-ante by separate Proxy Simulation Scheme simulations.
Therefore a comparison of probability distributions of both sides of equation (5.1)
provides an elegant and pragmatic way to backtest available numerical sensitivities in
addition to the full backtesting hedging framework as used in section 5.4. The method
also allows to separate the effects of Delta and Gamma by either taking only the first
term or both terms on the right hand side into account. In addition it is also a cost
efficient alternative to assess the applicability of expected dispatches by using those on
the right hand side instead of ∆j(t0).
For this analysis we use three already discussed option setups and 500 random evo-
lutions of a 7 day price forward curve (i.e. m = 7) with 2000 Monte-Carlo payoff
realisations for the derivation of the left hand side of equation (5.1). The value distri-
butions of both sides are visualised and complemented by a comparison of associated
curve descriptors including mean, standard deviation, skew, kurtosis and minimum and
maximum value of all discussed alternatives. Similar to section 5.4 standard Gaussian
kernel density estimation is used to derive smooth value distributions.
5.5.2 Results for a fully flexible option
The analysis is initiated with the reference example of a fully flexible power plant
option without reserve requirements as discussed in sections 4.4 (figure 4.5) and 5.3.1
(figure 5.13). In this setup all numerical sensitivities have already been confirmed by a
comparison to available analytical results and there is no additional value in replicating
this conclusion via an alternative method. However it it valuable to compare numerical
Deltas to expected dispatches especially for this most flexible option.
The graph at the top in figure 5.22 shows the distribution of 7 days cumulated
value changes of the fully flexible power plant option in combination with associated
∆-approximations and ∆-Γ-approximations corresponding to only the first and both
terms on the right hand side of equation (5.1). The graph at the bottom shows similar
distributions of the flexible option and its value replication by using expected dispatches
instead of ∆. Here no further Γ-hedging is applied in order to not mix the impact of
sensitivities with the impact of the expected dispatch.
While only analytical Delta is obviously not sufficient to cover all characteristics
of the single step value changes the combination of Delta and Gamma leads to a
good alignment of the distribution curves, which is verified by low deviations of the
associated curve descriptors on the right hand side of figure 5.22. As expected, due to
the inherent flexibility of the analysed option a replication of value changes via expected
dispatches is much worse than the replication via analytical Delta. Interestingly while
the distributions show huge differences for positive value changes only minor deviations
can be observed in the region of the left tail of the density curve. This makes the
expected dispatch a sufficient approximation for Delta in this special setup as long as
only the downside risk of the option value is requested.
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Fig. 5.22: Comparison of gaussian kernel densities of 1 day value changes (solid lines), Delta or
expected dispatch approximations (dashed lines) and Delta-Gamma approximations (dot-
ted lines) for an option with tup = tdown = 1 and κ = 50. Top: analytical sensitivities,
bottom: expected dispatch.
5.5.3 Results for options subject to technical constraints
Similar to figure 5.22 figure 5.23 shows the distribution of cumulated value changes of a
technically constrained power plant option (tup = 12, tdown = 8, κ = 50) in combination
with associated ∆-approximations, ∆-Γ-approximations and approximations on the
basis of expected dispatches.
Again the expected dispatch alone is clearly not sufficient to replicate the observed
option value changes. The same is true for both analytical and numerical Deltas which
lead to similar deviations between the original distributions and their ∆ approxima-
tions. However both analytical and numerical ∆-Γ approximations lead to rather good
replications of the option value changes with a slight superiority of the numerical sen-
sitivities. This is due to the fact that the absolute deviation between numerical and
analytical sensitivities is still minor for this option setup (compare figure 5.8).
5.5.4 Results for options subject to technical constraints and
reserve requirements
Figure 5.24 shows the distribution of cumulated value changes of a technically con-
strained power plant option (tup = 12, tdown = 8, κ = 50) subject to positive reserve
requirement of Respos = 0.3 in combination with associated ∆-approximations, ∆-Γ-
approximations and approximations on the basis of expected dispatches.
Similar to already discussed examples the expected dispatch is not able to repli-
cate the original distribution curve. However in contrast to the setup without reserve
requirement (figure 5.23) the results now show also significant differences between ap-
proximations based on analytical and numerical results. While analytical sensitivities
lead to relevant deviations between curve descriptors (especially mean, skewness and
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Fig. 5.23: Comparison of gaussian kernel densities for 1 day value changes (solid lines), Delta or ex-
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lines) for an option with tup = 12, tdown = 8 and κ = 50. Top: analytical sensitivities,
middle: expected dispatch, bottom: numerical sensitivities.
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Fig. 5.24: Comparison of gaussian kernel densities for 1 day value changes (solid lines), Delta or
expected dispatch approximations (dashed lines) and Delta-Gamma approximations (dot-
ted lines) for an option with tup = 12, tdown = 8 and κ = 50 subject to positive reserve
requirements of Respos = 0.3. Top: analytical sensitivities, middle: expected dispatch,
bottom: numerical sensitivities.
kurtosis) of the original distribution and its ∆-Γ approximations, numerical sensitivi-
ties lead to a very good approximation of the distribution curve which is also proven
by very low deviations of the curve descriptors.
This example makes clear that in case of existing reserve requirements analytical sen-
sitivities are no longer sufficient to describe the risk profile of the constrained power
plant option. This is also true when the option is evaluated on a stand-alone basis and
no additional portfolio effects are taken into account. In addition the good approx-
imation of distribution curves for all discussed option setups supports the relevance,
applicability and high quality of the Proxy Simulation Scheme sensitivities as derived
in this thesis.
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This chapter extends the single option analyses of chapter 5 by a general analysis of
portfolio effects and intra-option dependencies appearing when a stand-alone power
plant option subject to reserve requirements is split in more and more almost identical
smaller options. This approach leads to complex result structures that can be explained
by the existence of distinct dispatch regimes depending on the level of realised daily
electricity prices.
After this introduction to constrained option portfolios we continue with a detailed
discussion of the impact of an increasing external reserve requirement on both value
and sensitivities of three portfolios now containing different power plant options with
unequal technical characteristics. By comparing these results with associated portfo-
lio results without reserve requirements we are finally able to derive values and the
sensitivities ∆ and Γ of various reserve requirements in the context of the assessed
portfolios. This analysis is one of the main result of this thesis and to the knowledge
of the author has not been presented in academic literature before.
6.1 Transition from single option to portfolio of
multiple identical options
6.1.1 Stand-alone power plant option
Figure 6.1 shows numerical results of a technically constrained power plant option
(tup = 12, tdown = 8, Pmin = 0.3, Pmax = 1.0, κ = 50) subject to a positive reserve
requirement of Respos = 0.2. As already discussed in section 5.2.1 (figure 5.8) the
reserve requirement leads to a significant decrease of daily option values on weekdays
and even more on weekend days. Delta is generally increased and also this impact
is more prominent on weekend days. In contrast Gamma is heavily decreased on all
days of the valuation tenor due to the generally reduced load flexibility. Especially on
weekend days these effects are a direct result of the must-run condition that is imposed
on the option by the positive reserve requirement.
In the following parts of this section the stand-alone power plant option is split
in multiple, identical options which are on a portfolio level always subject to the
same reserve requirement of Respos = 0.2. The goal of this analysis is to provide a
comprehensive introduction to observable portfolio effects and dispatch dependencies
between different options (intra-option coupling effects) which are also relevant in later
analyses of portfolios with different power plant options.
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Fig. 6.1: Numerical results of a technically constrained stand-alone power plant option with tup = 12,
tdown = 8, Pmin = 0.3, Pmax = 1.0, which is subject to a positive reserve requirement of
Respos = 0.2 (dashed lines) in comparison to analytical results of a fully flexible option
(solid lines). n = 3m.
6.1.2 Split of original option into two parts
In a first step the single option (figure 6.1) is split in two options of each half the
size of the original option, i.e. tup = 12, tdown = 8, Pmin = 0.15, Pmax = 0.5. Both
options are identical apart from the strike prices κ1,2 showing a total deviation of 0.02:
κ1 = 50 − 0.01 < κ2 = 50 + 0.01. This deviation does not lead to relevant changes
of numerical results in case the options are evaluated stand-alone, but in case of a
portfolio evaluation it allows the mixed-integer optimisation solver to discriminate the
two options. This is not only a numerically driven artificial modification but effectively
a rough replication of existing physical or technical constraints which have an impact
on dispatch decisions for real power plants. Even in case that a real generation portfolio
contains two identically constructed assets these will typically have slightly different
run time parameters which leads to a minor preference of one asset over the other when
highly flexible serving of reserve requirement is requested.
Figure 6.2 shows associated numerical results of both resulting options in comparison
to analytical results for fully flexible options of the same size and figure 6.3 show the
same results aggregated on the portfolio level and therefore directly comparable to
figure 6.1.
On the portfolio level a value increase with respect to the the original option can be
observed for all days. This effect is especially large on weekend days. Delta is generally
decreased while Gamma is increased for all days. The higher values can be explained
by a lowered must-run condition of the reserve requirement in this setup. As long as
a single option is obliged to serve the reserve requirement it is forced to stay online in
all hours of the valuation tenor. This leads to a negative impact on the overall value
as the option runs at minimum load Pmin in all out of the money hours instead of
being shut down. In contrast each of the split options is able to serve the requested
reserve requirement of Respos = 0.2 independently. This enables to shut down one of
the smaller options if appropriate as long as the other option stays online, and thereby
allows to reduce the negative impact of out of the money hours. In addition the halved
minimum load of Pmin = 0.3/2 further reduces the negative value contribution of the
reserve serving option by a factor of 2 which can directly be observed by comparing
daily values on weekend days in figures 6.1 and 6.3.
This explanation is also supported by the individual option results as provided in
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Fig. 6.2: Numerical results for a portfolio of two technically constrained power plant options each
having half the size of the option as shown in figure 6.1 (tup = 12, tdown = 8, Pmin = 0.3/2,
Pmax = 1.0/2) again subject to positive reserve requirement of Respos = 0.2 (dashed lines),
in comparison to analytical results of fully flexible options (solid lines). n = 3m.
Value Delta Gamma
-6.0
-4.0
-2.0
 0.0
 2.0
 4.0
 6.0
 1  2  3  4  5  6  7
 0.0
 0.1
 0.2
 0.3
 0.4
 0.5
 0.6
 1  2  3  4  5  6  7
0.00
0.01
0.02
0.03
0.04
0.05
 1  2  3  4  5  6  7
p
or
tf
ol
io
Fig. 6.3: Numerical portfolio results of the two options being individually shown in figure 6.2 (dashed
lines) in comparison to analytical results of fully flexible portfolio (solid lines). n = 3m.
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figure 6.2. On weekdays the slightly cheaper option 1 has significantly higher daily
values and Deltas than option 2. This is due to the fact that the costlier option 2
will always serve positive reserve requirement when the overall price level allows both
options to stay online at the same time. This is also the explanation for the general
deviation of Gamma on weekdays. The load flexibility of option 2 is more often limited
to the interval [0.15, 0.3] which leads to an overall reduced Gamma with respect to
option 1. Please note that the average Gamma of option 2 on days 2 to 4 (that are
not affected by boundary conditions like day 1) is approximately half the size of the
associated Gammas of option 1, which is consistent with the relative sizes of load
flexibility intervals of the options ([0.15, 0.3] of option 2 and [0.15, 0.5] of option 1).
This indicates that both options often run in parallel on these days.
On the first day of the valuation tenor it can be observed that Gamma of option 1
is significantly increased with respect to subsequent weekdays while Gamma of option
2 is decreased. This is a combined effect of the left boundary condition of the mixed
integer solver at the first hour of day 1 and the chosen hourly price structure (figure
3.4). In the applied setup option 1 will always be dispatched in the first hour of the
first day and will therefore on average be online for more hours on the first day than
on other weekdays. Consequently option 1 is less restricted by exercise decisions of
option 2 on the first day than on subsequent weekdays. This can be interpreted as a
general increase of flexibility of option 1 on the first day which results in the observed
uplift of Gamma. At the same time the dispatch of option 2 will always be aligned
to the already set dispatch of option 1 on day 1 which results in an on average lower
flexibility and a decrease of Gamma for option 2. On the portfolio level the uplifting
effect on option 1 dominates leading to a minor increase of Gamma on the first day.
Without further insights into intra-option dependencies this can also be interpreted as
a result of the open left boundary condition of the mixed integer solver that allows to
dispatch both options on the first day independently of historical dispatch decisions in
contrast to all other days of the valuation tenor.
Distinct dispatch regimes Interestingly on day 6 (i.e. the first day of the weekend)
the Gamma of option 1 drops to a negative value while the Gamma of option 2 is
significantly increased and accompanied by a negative Delta. Especially the negative
option Gamma is remarkable as both options would be expected to keep a residual
flexibility also on weekend days as the applied reserve requirement of Respos = 0.2 is
comparably low.
These observations can be explained on the basis of a detailed analysis of hourly
dispatches of both options on days 5 to 7. This analysis reveals that the variety of
realised hourly dispatches can be assigned to not more than three predominant different
dispatch regimes (1, 2 and 3) with up to three sub-regimes (a, b and c) each. The
occurrence of a certain distinct dispatch (sub-)regime is defined by the absolute level
of the realised daily base load price and historic dispatches on preceding days. All
major dispatch regimes are shown in figure 6.4.
Regime 1 occurs for realised daily prices below a threshold around 29.09 where
both options are out of the money for all hours of day 6. It is characterised by
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Fig. 6.4: Hourly dispatch of option 1 (solid lines) and option 2 (dashed lines) for all three major
dispatch regimes and sub-regimes a, b and c occurring on day 6.
option 1 typically running on minimum load in order to serve reserve requirement
and option 2 being offline as many hours as possible. In sub-regime 1a option 1 runs
on minimum load in all hours and option 2 is offline during the entire day. Sub-regime
1b is disturbed by historic dispatch decisions on day 5 which require option 2 to keep
running during the first hours of day 6 until it is shut down and option 1 starts serving
reserve requirements.
Regime 2 occurs for daily prices between 29.09 and 32.05. At these price levels
both options are in the money for exactly one evening hour (h19) and each optimal
dispatch solution requires both options to be online in this hour in order to generate
the maximum possible payoff. In contrast it is most economical to only keep one of
the options online for all remaining hours of day 6 as both options are deep out of
the money. Therefore all sub-regimes of regime 2 imply that only one option runs at
minimum load before hour 19 (typically option 1) and the second option is started for
hour 19 where both options run at maximum effective load (i.e. option 1 at maximum
load and option 2 at maximum load less reserve requirement). After hour 19 the second
option cannot be shut down immediately due to technical constraints. It continues
running at minimum load and serving the reserve requirement while the first option is
shut down after hour 19. Sub-regime 2a is defined by option 1 running at minimum
load until hour 19 where it is running at maximum load before being shut down. Option
2 is running in hour 19 at maximum effective load and continues to run at minimum
load afterwards. Sub-regime 2c is identical to sub-regime 2a apart from a disturbance
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Dispatch rel. daily dispatch daily dispatch
(sub-)regime frequency option 1 option 2
1a 65% 3.60 0.00
1b 29% 2.85 0.75
2a 42% 3.20 1.05
2b 30% 2.30 1.95
2c 23% 2.45 1.80
3a 49% 4.05 1.50
3b 34% 3.30 2.25
3c 10% 3.30 2.25
Table 6.1: Dispatch and relative frequency of all major dispatch regimes and sub-regimes occurring
on day 6.
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Fig. 6.5: Cumulated daily payoff of different regimes over realised price of day 6 where black lines
indicate lower regimes and gray lines higher regimes, sub-regimes are indicated by line type
(a: solid line, b: dashed line, c: dashed-dotted line).
of historic dispatch decisions during the first hours of day 6. Sub-regime 2b is identical
to 2c but both options have changed roles due to historical dispatch decisions.
Regime 3 occurs for daily prices above 32.05 where both options are in the money in
multiple consecutive evening hours. The associated dispatch (sub-)regimes are there-
fore very close to regime 2 with the only difference that both options now overlap for
all in the money hours instead of only one.
Relative frequency and portfolio impact of dispatch regimes The relative fre-
quency of the sub-regimes strongly depends on the structure of the applied hourly
prices. Table 6.1 provides an overview about relative frequency and associated daily
dispatches of both options. As the individual option dispatches of different sub-regimes
show significant deviations it is surprising that all three regimes can be separated by
rather well defined thresholds in terms of the realised daily base load price. This is
only possible because the cumulated daily payoffs of all sub-regimes of regime 2 exceed
the associated payoffs of regime 1 in the same small interval between 29.08 and 29.09
of realised daily price. Similarly the payoffs of all sub-regimes of regime 3 exceed asso-
ciated payoffs of regime 2 between 32.04 and 32.05. Both regime switches are explicitly
shown in figure 6.5.
Figure 6.6 finally provides a comprehensive overview about daily dispatches and
daily payoffs of both options and the associated portfolio for 1000 individual Monte-
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Fig. 6.6: Dispatch and Payoff realisations for both individual options (compare figure 6.2) over re-
alised daily prices of day 6 and the same picture for the portfolio of both options. The
figure shows 1000 individual Monte-Carlo realisations where regime 1 is indicated by cubes,
regime 2 by circles and regime 3 by triangles.
77
6 Sensitivities of option portfolios
Carlo realisations of day 6. The two sub-regimes of regime 1 are clearly visible as
the individual option results are concentrated on two lines for realised prices below
29.09. By comparison to table 6.1 it can be conducted that the upper dispatch line
of option 1 denotes sub-regime 1a and the lower line sub-regime 1b while this order is
inverted for option 2. The dispatch line of sub-regime 1b is accompanied by two side
lines containing a minor subset of result realisations with slightly different dispatch
structures than allocated to sub-regime 1b. These side lines correspond to variations
of sub-regimes 1b where the shut-down of option 2 and the start-up of option 1 is
taking place one hour earlier or one hour later due to historical dispatch decisions on
day 5. On the portfolio level it can clearly be observed that regime 1 is characterised
by a daily dispatch of 3.60 independently from the realised sub-regime.
The three sub-regimes of dispatch regime 2 lead to three associated dispatch lines
in figure 6.6 for realised prices between 29.09 and 32.05. On portfolio level regime 2
is defined by a cumulated daily dispatch of 4.25. In contrast to dispatch regime 2 the
three sub-regimes of regime 3 only lead to two main dispatch lines in figure 6.6. This
is due to the fact that sub-regimes 3b and 3c show identical daily dispatches for both
options (table 6.1). Regime 3 is characterised by a cumulated daily dispatch of 5.55.
For prices above 37.00 the distinctive regime structure breaks as these higher prices
lead to an increasing number of in the money hours and therewith a significant increase
of dispatch variations for small price differences.
Each dispatch line on the left hand side in 6.6 corresponds to one payoff line on
the right hand side. However the allocation of sub-regimes to payoff lines is exactly
inverted with respect to the order of dispatch lines, i.e. while sub-regime 1a corresponds
to the upper dispatch line it corresponds to the lower payoff line and vice versa for
sub-regime 1b. This is due to the fact that both options are deep out of the money on
day 6 which leads to a cumulated payoff decrease for an increased daily dispatch. On
portfolio level the payoff is a monotonically increasing function of the daily realised
price which is consistent with the expectation, that the value of a call option portfolio
should increase in line with underlying price realisations.
Explanation of negative sensitivities The discussed dispatch regimes allow to ex-
plain the observed negative Delta of option 2 on day 6 as well as the huge Gamma
variations for both options between day 5 and day 6. In case of comparably low prices
on day 6 the status quo for both options is dispatch regime 1 where the value contribu-
tion of option 2 is zero with a probability of 65%. As the initial forward price for day
6 is 30.00, positive initial price perturbations will increase the likelihood of dispatch
regime 2 to realise while negative initial price perturbations will not change the dis-
patch regime. A higher probability of regime 2 is equivalent with a higher probability
of negative payoff realisations of option 2. Therefore small initial price lifts will lead to
an overall value decrease of option 2 while small initial price drops will not change the
option value. In combination these dependencies lead to a negative first derivative for
option 2 with respect to the initial forward price of day 6 and therefore the observed
negative Delta.
The explanation for the negative Gamma of option 1 on day 6 is more complex.
78
6.1 Transition from single option to portfolio of multiple identical options
Value Delta Gamma
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Fig. 6.7: Numerical results for a portfolio of three technically constrained power plant options each
having a third of the size of the option as shown in figure 6.1 (tup = 12, tdown = 8,
Pmin = 0.3/3, Pmax = 1.0/3) subject to a positive reserve requirement of Respos = 0.2
(dashed lines), in comparison to analytical results of fully flexible options (solid lines).
n = 3m.
Again the status quo for low realised prices is dispatch regime 1 where option 1 usu-
ally serves the reserve requirement and its dispatch is equivalent to the dispatch of a
minimum load linear product. The higher the initial forward price is, the more likely
is an additional exercise of option 2 on day 6. This exercise decision is taken in order
to guarantee an optimal utilisation of the rare in the money hours by both options
being online in parallel. In comparison to this most prominent value driver the ques-
tion which options has to serve reserve requirement is always secondary. Therefore it
can be argued that for increased initial forward prices of day 6 option 1 is more and
more dependent on the exercise decision of options 2. This is consistent with a slightly
increased Gamma of option 2 and the negative Gamma of option 1, which is effectively
an indication for the huge loss of flexibility due to the strong dependence on option 2.
6.1.3 Split of original option into three and five parts
Similar to figure 6.2 figure 6.7 shows individual option results for a portfolio of three
similar options whose size is one third of the original option as shown in figure 6.1.
Again the only difference of the three options is a deviation of the strike prices by 0.01
in order to discriminate the options in the course of reserve allocation. The structure
of results for options 1 and 2 is very close to the associated structure in the two option
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Value Delta Gamma
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Fig. 6.8: Dependence of average daily portfolio values, Deltas and Gammas (weekdays and weekend)
on the number of split options. n = 3m.
portfolio (figure 6.2). Option 3 servers as a wildcard in enabling other options to run
at full load whenever option 3 is online in parallel. This is due to the fact that option
3 has the highest strike price and will always serve reserve requirement when being
online. Therefore option 3 is characterised by comparably low values and sensitivities.
However on a portfolio level the overall portfolio effect of this third option and the
general decrease of all option sizes with respect to the two options portfolio lead to
an additional increase of the portfolio value, a decrease of Delta and an increase of
Gamma (denoting an increase of the portfolio flexibility). This is clearly visible in
figure 6.8 which provides aggregated portfolio results for all analysed split portfolios
separated by weekdays and weekend days.
Apart from cumulated results of the already discussed portfolios with one, two and
three options figure 6.8 contains in addition results for a portfolio with five options each
of a size of one fifth of the original option. Obviously this last split of options leads to
negative marginal portfolio effects as the overall value decreases, Delta increases (which
is an indication for an increased impact of the reserve driven must-run condition)
and Gamma slightly decreases at least on weekdays. These effects arise because in
contrast to the other portfolios the options are so small that they are no longer able
to serve reserve requirement individually. Therefore, in this specific setup at least
two options are required to stay online at the same time which obviously reduces the
overall flexibility and the value of the portfolio with respect to the setups with three or
less options. Associated results for the individual options are provided by figure 6.9.
Due to the explained strong link of two options each the result structures of options
1 and 2 are similar to the result structure of option 1 of the three options portfolio
while options 3 and 4 of the five options portfolio match option 2 of the three options
portfolio. Option 5 is again a wildcard which enables one other option (usually the
cheapest option 1) to run at maximum load in case the most expensive option 5 serves
part of the reserve requirement.
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Fig. 6.9: Numerical results for a portfolio of five technically constrained power plant options each
having a fifth of the size of the option as shown in figure 6.1 (tup = 12, tdown = 8, Pmin =
0.3/5, Pmax = 1.0/5) subject to a positive reserve requirement of Respos = 0.2 (dashed
lines), in comparison to analytical results of fully flexible options (solid lines). n = 3m.
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Even though the analysed results are very intuitive on the level of the overall portfolio
(figure 6.8) these results give no further insights into the complex interdependencies
between different options in the portfolio context. The Proxy Simulation Scheme
method is an applicable tool to reveal those additional insights and provides a valuable
extension to standard risk assessment approaches.
6.2 Portfolios with different options
While section 6.1 provides a detailed overview about portfolio effects and intra option
dependencies occurring for portfolios with an increasing number of almost identical
options, real physical generation portfolios usually contain power plants of different
age and different types and therefore different technical parameters.
In the following sections we consider this fact by deriving values and sensitivities
for a range of option portfolios containing at the money and out of the money options
with different technical parameters. This highly stylised setup mirrors the current
electricity market environment which is characterised by an increasing amount of re-
newable generation assets and a significant out of the money capacity of old and new
gas (and oil) fired power plants. We provide results of various imposed positive reserve
requirements for all portfolios in order to explicitly quantify the impact of reserve in
the context of different portfolios at the end of this chapter (section 6.7).
In detail we analyse three different option portfolios:
1. Flexible option portfolio: Three options with identical load constraints (Pmin =
0.3, Pmax = 1.0) but different strikes and minimum up- and down-times for all
options. Option 1 is the most unflexible option (tup = tdown = 8) which is at
the money on weekdays (κ = 50) and out of the money on weekends. Option 2
is more flexible than option 1 (tup = tdown = 4) and more expensive to dispatch
(κ = 60). Option 3 is the most expensive option (κ = 70) but also the most
flexible option in terms of up- and down-time constraints (tup = tdown = 2).
2. Split flexible option portfolio: This portfolio is effectively the flexible portfolio
where all options are split in two parts of identical size. This reduces the mini-
mum and maximum load of all options to Pmin = 0.15 and Pmax = 0.5.
3. Unflexible option portfolio: This portfolio is identical to the flexible portfolio
apart from the fact that all options are significantly less flexible in terms of
minimum up- and down-time. Again option 1 is the most unflexible but cheapest
option (tup = 20, tdown = 12, κ = 50), option 2 is more flexible and more
expensive (tup = 18, tdown = 10, κ = 60) while option 3 is the most flexible but
most expensive option to dispatch (tup = 12, tdown = 8, κ = 70).
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Value Delta Gamma
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Fig. 6.10: Daily results of all three options of the flexible option portfolio (dashed lines) in comparison
to analytical results of fully flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0
identical for all options. Option 1: tup = tdown = 8, κ = 50, option 2: tup = tdown = 4,
κ = 60, option 3: tup = tdown = 2, κ = 70. n = 30m.
6.3 Flexible option portfolio
6.3.1 Flexible option portfolio without reserve requirement
In order to be able to quantify the impact of reserve on the flexible option portfolio
it is mandatory in a first step to derive associated results for the portfolio without
any reserve requirements. These values and sensitivities serve as reference results for
subsequent analyses with increasing external reserve requirements.
Figure 6.10 shows daily values, Deltas and Gammas of all individual options of the
flexible option portfolio for a valuation tenor of 14 days (i.e. two complete weeks
according to the daily forwards price structure as provided in figure 3.1). Without any
reserve requirements all options can be dispatched independently from each other and
the results are similar to single option results as discussed in chapter 5. However it
can be observed that numerical results of day 6 and 7 (i.e. the first weekend) are of
similar level in case a 14 days valuation tenor is applied. Especially for heavy technical
constraints this is different to the 7 days analyses in chapter 5 (e.g. figures 5.1 and 5.5)
where results of the last day of the valuation tenor are always increased as an impact
of the right hand boundary of the mixed integer optimisation problem. Figure 6.10
shows that while the results of option 1 significantly deviate from analytically results of
a fully flexible option, this deviation is lower for option 2 and almost negligible for the
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Fig. 6.11: Left: relative drop of daily values of option 1 (solid line), option 2 (dashed line) and option
3 (dashed-dotted line) of the flexible option portfolio with respect to analytical results of
fully flexible options.
Right: average relative value drop with respect to fully flexible option results for all three
options on weekdays within second week (black) and the first weekend (gray). n = 3m.
highly flexible option 3. This is obviously a direct consequence of different technical
constraints of the individual options.
Subsequent analyses will often focus on aggregated result figures for weekdays and
weekend days (compare figure 6.11). In these cases all five days of the second week
will be used in order to generate average weekday figures for value, Delta or Gamma
while only days 6 and 7 of the first weekend are used for the calculation of associated
weekend figures. This approach guarantees an exclusion of artificial results from either
left or right boundary of the mixed integer optimisation problem.
Figure 6.11 shows on the left hand side the relative drop of daily values of all three
options of the flexible portfolio with respect to results of fully flexible options with iden-
tical strikes. On the right hand side these results are aggregated to associated average
results for weekdays and weekend days. In extension to figure 6.10 this visualisation
shows that in relative terms not only option 1 is affected by technical constraints but
especially on weekends also options 2 and 3 significantly loose value.
Figure 6.12 provides a comprehensive overview about the distribution of the absolute
average value drop of the flexible portfolio with respect to associated fully flexible
results between all three individual options of the portfolio. The results are again
separated by weekdays and weekend days. In absolute terms the overall value drop is
significantly higher on weekdays than on weekends while the majority of the effect is
generally driven by option 1 as expected. Visualisations like figure 6.12 will be used
frequently in the following sections to illustrate the distribution of additional portfolio
value changes due to increasing reserve requirements between the individual options.
6.3.2 Flexible option portfolio subject to minor reserve
requirement
Figure 6.13 shows daily values, Deltas and Gammas of all individual options of the
flexible option portfolio subject to a minor positive reserve requirement of Respos = 0.3.
In comparison to results of the same portfolio without reserve requirements (figure
6.10) a huge value drop can be observed for option 1 which is accompanied by a
significant Delta increase and a general Gamma reduction. This effect can be explained
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Fig. 6.12: Distribution of the absolute average flexible portfolio value drop with respect to fully
flexible results between the three individual options (2. week: black, 1. weekend: gray).
n = 3m.
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Fig. 6.13: Daily results of all three options of the flexible option portfolio subject to a minor reserve
requirement of Respos = 0.3 (dashed lines) in comparison to analytical results of fully
flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0 identical for all options. Option
1: tup = tdown = 8, κ = 50, option 2: tup = tdown = 4, κ = 60, option 3: tup = tdown = 2,
κ = 70. n = 3m.
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Fig. 6.14: Distribution of the absolute average value drop of the flexible portfolio subject to a minor
reserve requirement of Respos = 0.3 with respect to results of the flexible portfolio without
reserve requirements (2. week: black, 1. weekend: gray). n = 3m.
by the observation that running option 1 at minimum load is the most cost effective way
to serve the reserve requirement in hours with comparably low prices. This especially
includes night hours and midday hours on weekdays enforcing option 1 to run almost
everywhere between minimum and maximum load on these days. Thereby a huge
share of the reserve-imposed must-run condition is obviously allocated to option 1
which explains the value drop, the increased Delta and the decreased Gamma being
consistent with the overall loss of load flexibility. The effect is even more pronounced on
weekends because options 2 and 3 are so deep out of the money on weekend days that
they will almost never be dispatched and option 1 is forced to serve reserve requirement
for almost all weekend hours.
While option 1 typically runs at full load in high priced shoulder hours in order to
generate a maximum value contribution option 2 is the best alternative to serve the
reserve requirement in these hours. This results in a value reduction especially on
weekdays in combination with a very minor reduction of Delta and Gamma.
When option 3 is dispatched it always serves the reserve requirement because it
is more economical on a portfolio level to run options 1 and 2 at maximum load in
these high priced hours. Therefore option 3 effectively reacts on dispatch decisions
of the other two options which limits its flexibility especially on weekdays while it is
rather unaffected on weekend days. This intra-option dependency leads to the observed
value reduction of option 3 on weekdays which comes along with a significant Delta
decrease due to a reduced effective maximum load and a Gamma reduction indicating
the generally limited flexibility.
Similar to figure 6.12 figure 6.14 provides an overview about the distribution of
the absolute average value drop of the flexible portfolio subject to a minor reserve
requirement with respect to associated results of the flexible portfolio without reserve
requirements (figures 6.10 and 6.12). Thereby figure 6.14 effectively describes only the
distribution of the additional reserve-induced value drop between the three involved
options. As expected from the above explanation of figure 6.13 option 1 takes the
entire value loss on weekends. This is equivalent to the conclusion that options 2 and 3
do not serve reserve requirement on weekends at all and reflects the negligible impact
on weekend results of options 2 and 3 as shown in figure 6.13.
According to figure 6.14 option 1 also serves the majority of reserve requirements
on weekdays but options 2 and 3 are significantly affected in addition being consistent
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Fig. 6.15: Daily results of all three options of the flexible option portfolio subject to a heavy reserve
requirement of Respos = 1.0 (dashed lines) in comparison to analytical results of fully
flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0 identical for all options. Option
1: tup = tdown = 8, κ = 50, option 2: tup = tdown = 4, κ = 60, option 3: tup = tdown = 2,
κ = 70. n = 6m.
with the argumentation above.
6.3.3 Flexible option portfolio subject to heavy reserve
requirement
Figure 6.15 shows daily results of individual options of the flexible option portfolio
subject to a heavy positive reserve requirement of Respos = 1.0 and figure 6.16 provides
the associated portfolio value drop with respect to the same portfolio without reserve
requirements and its distribution between all three involved options.
In this setup at least two options are needed in parallel for serving the reserve
requirement which is the reason for the huge additional portfolio value drop with
respect to the portfolio results without reserve requirements as discussed in section
6.3.1. By comparing figures 6.13 and 6.15 it can be observed that while the results of
option 1 are almost not affected by the increased reserve requirement of Respos = 1.0
the results of options 2 and 3 are significantly impacted. Option 2 shows negative
values for all days in combination with a highly increased Delta and a generally reduced
Gamma being very similar to the effect on option 1 when the reserve requirement is
increased from Respos = 0.0 to Respos = 0.3 (compare section 6.3.2). Option 3 shows
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Fig. 6.16: Distribution of the absolute average value drop of the flexible portfolio subject to a heavy
reserve requirement of Respos = 1.0 with respect to results of the flexible portfolio without
reserve requirements (2. week: black, 1. weekend: gray). n = 6m.
negative values on all days of the valuation tenor which are accompanied by a significant
Delta reduction that leads to negative Deltas during the first week and on weekends.
Even more remarkable is the negative impact on Gamma of option 3 leading to stable
negative Gammas on weekend days (comparable to results of the portfolio analysis
with identical options e.g. figures 6.7 and 6.9).
Similar to the setup with minor reserve requirement also in case of heavy reserve
requirement option 1 is usually the most cost effective possibility to serve at least a
part of the overall positive reserve requirement. This is especially true for weekend
days where all options are deep out of the money almost all hours. This leads to rather
unchanged results of option 1 in both setups.
Option 2 is the second best alternative for serving the remaining reserve require-
ment in parallel to option 1. Thereby option 1 usually serves 0.7 of positive reserve
requirement in hours with comparably low prices and option 2 is responsible for the
remaining 0.3. This imposes a similar must-run condition on option 2 in this setup as
valid for option 1 in the setup with minor reserve requirement (compare figure 6.13)
which explains the huge drop of all results of option 2. The absolute amount of this
drop is larger than observed for option 1 in the minor reserve scenario due to the higher
strike price of option 2 leading to higher negative value contributions in hours where
the options is subject to the must-run condition.
When option 3 is started in comparably high priced hours it always serves reserve
requirement because in the portfolio context it is more economical to increase the load
of option 1 to maximum load at the same time. Due to the fact that option 1 is not
able to shift all allocated reserve requirement to option 2 (as possible for minor reserve
requirement) option 3 is more frequently dispatched in the heavy reserve setup than in
the minor reserve setup. This explains the increased absolute value drop of option 3 on
weekdays. The shifting of reserve requirement from option 1 to option 3 is more likely
to happen for slightly upshifted initial forward prices – meaning that the probability
of option 3 to generate negative payoffs is increased for upshifted forward prices. This
is consistent with the slightly negative Delta of option 3 as observed in figure 6.15.
On weekends this situation is even worse as option 3 is never in the money but only
reacts on dispatch decisions of the other two options. Thereby it fully resembles a
short option position in the portfolio which is consistent with the negative Deltas and
Gammas on weekend days. For heavy reserve requirements all option dispatches follow
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Fig. 6.17: Dependency of average daily results of the flexible portfolio on the amount of external
positive reserve requirement (Top: weekdays, Bottom: weekend days). Gray area and
error bars denote 95% confidence intervals.
a clear pecking order where options 1 and 2 serve reserve requirement for comparably
low prices and option 3 is exercised by option 1 whenever the positive value contribution
of option 1 running at full load overcompensates the negative value contributions of
option 3 serving parts of the reserve requirement.
6.3.4 Portfolio level impact of different reserve requirements on
flexible option portfolio
Figure 6.17 provides a comprehensive overview about the dependency of the flexible
option portfolio on the amount of applied positive reserve requirement. In addition
to already discussed results (sections 6.3.1, 6.3.2 and 6.3.3) the visualisation also con-
tains portfolio results for intermediate and very high positive reserve requirements of
Respos = 0.6 and Respos = 1.5. All numerical results are separated by weekdays and
weekend days. Figure 6.17 shows 95% confidence intervals which base on sample stan-
dard deviations (according to equation (2.6)) of daily results of all individual options.
Hereby we follow a conservative approach and assume 100% correlation between results
of different days as well as results of individual options.
On a portfolio level all results are relatively intuitive. An increased amount of
positive reserve requirement leads to a decreased portfolio value, an increased Delta
due to the stricter must-run condition and a decreased Gamma reflecting the increasing
loss of load flexibility of the portfolio. The comparably minor result differences between
0.3 and 0.6 reserve requirement are due to the favorable size of the individual options,
allowing one option in both cases to serve the entire reserve requirement. This can
be an interesting result for practitioners who manage a real portfolio of power plants
subject to expected levels of reserve requirements when it comes to the question of
sizing new plant investments or decommissionings of old plants of a certain size.
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Fig. 6.18: Dependency of average daily results of the split flexible portfolio (dashed-dotted lines) on
the level of external positive reserve requirement (Top: weekdays, Bottom: weekend days)
and comparison to associated results of the flexible portfolio (dashed lines). Gray area
and error bars denote 95% confidence intervals.
Similar to the final comment in section 6.1 it is again valuable to stress that all
intra-option dependencies and coupling effects are only visible in case sensitivities for
individual options are made available by an approach like the Proxy Simulation Scheme
method. Knowing values and sensitivities only on a portfolio level (according to figure
6.17) is obviously not sufficient to understand all interdependencies and therefore the
entire complexity of the underlying portfolio.
6.4 Favorable portfolio effect of split options
Figure 6.18 compares portfolio results of the flexible portfolio (figure 6.17) with associ-
ated results of the split flexible portfolio. As explained in section 6.2 the split portfolio
is effectively the flexible portfolio where all three options are cut in two parts, each of
half the size of the original option. It can be expected that this portfolio setup serves
reserve requirement at lower costs due to the ability to allocate it to a larger number of
smaller options in order to match the implied must-run condition more cost efficiently
than possible with the larger options of the flexible portfolio. This is confirmed by
figure 6.18 which clearly shows that the overall portfolio value of the split portfolio
is significantly higher for all amounts of reserve requirements apart from 0.0 and 0.6
where both portfolios yield exactly the same average results.
Each option of the split portfolio is able to serve a maximum of 0.35 positive reserve
requirement running at minimum load of 0.15, while the options of the flexible portfolio
are able to serve 0.7 positive reserve requirement running at minimum load of 0.3.
As long as the portfolio is optimised without any reserve requirement all options are
dispatched individually from each other and only based on price path realisations. This
leads to identical daily values in both portfolios as the two split options with identical
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constraints will exactly replicate the dispatch of the associated option of the flexible
portfolios – resulting in identical portfolio dispatches for identical price realisations.
In case of a minor reserve requirement of Respos = 0.3 this is no longer true. While
in the flexible portfolio one large option is required to run at least on minimum load
to serve the reserve requirement, in the split portfolio only a single smaller option is
sufficient. This significantly reduces the negative impact of the must-run condition as
the split option generates only half the amount of negative payoffs in out of the money
hours due to its reduced minimum load of Pmin = 0.15. This effect is also the reason for
the reduced portfolio Delta with respect to the flexible portfolio and a slightly increased
Gamma, the latter indicating that in the split portfolio five remaining options can be
dispatched in a flexible way while only two options of the flexible portfolio are not
directly affected by the reserve requirement.
This favorable effect vanishes for an increased reserve requirement of Respos = 0.6
which can only be served by two options of the split portfolio in parallel. The combined
minimum load of these options is exactly the same as the minimum load of one larger
option of the flexible portfolio leading to exactly the same must-run conditions on both
portfolios. Therefore no portfolio is more cost effective in serving reserve requirement
and both portfolios show identical numerical results for Respos = 0.6.
In contrast the impact of Respos = 1.0 is again similar to Respos = 0.3. Now two
options of the flexible portfolio are required to serve reserve requirement and run at
least on a combined minimum load of 0.6 in all hours while three smaller options of
the split portfolio are sufficient with a combined minimum load of 0.45. This leads to
the huge value increase, Delta reduction and Gamma increase with respect to results
of the flexible option portfolio in figure 6.18.
The favorable portfolio effect is even more pronounced for a very high reserve re-
quirement of Respos = 1.5 where all options of the flexible portfolio are subject to the
must-run condition while one option of the split portfolio can still be dispatched only
based on the realised price structure.
6.5 Unflexible option portfolio
6.5.1 Unflexible option portfolio without reserve requirement
Similar to section 6.3.1 a structured analysis of the impact of positive reserve require-
ment on results of the unflexible portfolio requires a set of reference values of the same
portfolio without any reserve requirements. Figure 6.19 provides associated results for
all three individual options of the unflexible portfolio (please refer to section 6.2 for
technical specifications).
All options show a significant value drop with respect to fully flexible results due to
the heavy imposed technical constraints. Delta and Gamma are generally reduced on
weekend days where large minimum up-time conditions in combination with rare in the
money hours make a start of the options usually uneconomical. On weekdays, daily
Delta and Gamma results show the typical spike structure due to technical constraints
leading to dispatch flexibility shifts between consecutive days as explained in sections
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Fig. 6.19: Daily results of all three options of the unflexible option portfolio (dashed lines) in compar-
ison to analytical results of fully flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0
identical for all options. Option 1: tup = 20, tdown = 12, κ = 50, option 2: tup = 18,
tdown = 10, κ = 60, option 3: tup = 12, tdown = 8, κ = 70. n = 3m.
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Fig. 6.20: Left: average relative value drop with respect to fully flexible results for all three options
of the unflexible portfolio on weekdays (black) and weekend days (gray).
Middle and right: distribution of the average absolute value drop of the unflexible port-
folio with respect to fully flexible analytical results between all three involved options
(weekdays: black, weekend days: gray). n = 3m.
5.1.1 and 5.1.2. Furthermore options 1 and 2 show the characteristically increased
Gamma driven by longer blocks of connected online hours that are on average closer
at the money than the shorter blocks of consecutive in the money hours (compare
figures 5.4 and 5.7). In contrast to these observations option 3 shows a generally
reduced Gamma for all weekdays with very low values especially during the first days
of the valuation tenor. A similar impact can be observed for daily Delta results of
options 2 and 3 on weekdays where Delta is starting at very low levels (close to zero
in case of option 3) and then slightly growing as time to maturity increases. These
very low values at the beginning of the valuation tenor are an effect of the technical
constraints of options 2 and 3 in combination with their systematically higher strike
price. As both options are out of the money for the majority of hours also on weekdays,
their large minimum up- and down-time constraints prevent these options from being
dispatched at all until evolutions of the price forward curve lead to in the money shifts
of individual days. Due to the finite volatility of the daily forward prices such shifts
do typically not occur during the very first days of the valuation tenor but have a
certain probability at later days. Therefore all numerical results of options 2 and 3
start from a very low level (close to zero) at day 1 and tend to increase in parallel with
an increased dispatch probability. This effect is very pronounced for option 3 and also
clearly visible in case of option 2.
According to figures 6.11 and 6.12 figure 6.20 provides average relative value drops
of all options of the unflexible portfolio with respect to fully flexible results separated
by weekdays and weekend days, and in addition the distribution of associated absolute
portfolio value drops between all three options. As explained above the relative value
drop is close to 100% for all options on weekend days. Interestingly for weekdays it is
increasing from option 1 to option 3 and is therefore increasing in parallel to decreasing
technical constraints. This is an effect of the increased strike price of options 2 and
3 which pushes these options deeper out of the money. The deeper out of the money
an option is the lower is its probability to being dispatched in case of strong technical
constraints. This effect overcompensates the slight reduction of minimum up- and
down-times from option 1 to option 3 and finally leads to the observed increase of the
relative value drop for options with higher strike prices. A decreased moneyness of an
option effectively amplifies the relative value reducing impact of technical constraints.
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Fig. 6.21: Daily results of all three options of the unflexible option portfolio subject to a minor
reserve requirement of Respos = 0.3 (dashed lines) in comparison to analytical results of
fully flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0 identical for all options.
Option 1: tup = 20, tdown = 12, κ = 50, option 2: tup = 18, tdown = 10, κ = 60, option 3:
tup = 12, tdown = 8, κ = 70. n = 3m.
In contrast to this relative view the absolute drop of the unflexible portfolio value
is significantly higher on weekdays and the option values are more reduced for stricter
technical constraints. A comparison of figures 6.20 and 6.12 makes clear that while
only option 1 of the flexible portfolio is significantly impacted by technical constraints
all options of the unflexible portfolio are similarly strongly affected.
6.5.2 Unflexible option portfolio subject to minor reserve
requirement
Figure 6.21 shows the daily results of all three power plant options of the unflexible
portfolio subject to a minor reserve requirement of Respos = 0.3 in comparison to
analytical results of fully flexible options with identical strike prices.
By comparison to figure 6.13 it becomes obvious that the structural impact of minor
reserve requirement on the unflexible portfolio is very similar to the same impact
on the flexible portfolio. Option 1 is affected by a huge value drop on all days of
the valuation tenor in combination with a significant Delta increase and a Gamma
reduction. Again this is a result of option 1 being the most cost effective portfolio
solution to serve the reserve requirement leading to option 1 running almost every
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Fig. 6.22: Distribution of the average absolute value drop of the unflexible portfolio subject to a
minor reserve requirement of Respos = 0.3 with respect to results of the unflexible portfolio
without reserve requirements (weekdays: black, weekend days: gray). n = 3m.
hour (compare section 6.3.2). The structure of daily results of option 2 is close to
results without reserve requirements (figure 6.19) apart from a more pronounced spike
structure and a slight value drop. This is due to the fact that option 2 almost always
serves reserve requirement when it is running in parallel to option 1 (i.e. in comparably
high priced hours) as option 3 is now very rarely started and only then able to take
over the reserve requirement. However when option 3 is running it always serves the
reserve requirement being the reason for the observed reduction of all results of option
3 even leading to a slightly negative Delta during the first days of the valuation tenor.
Figure 6.22 shows the distribution of the average value drop of the unflexible portfolio
due to an increase of positive reserve requirement from 0.0 to 0.3 and its distribution
between the three involved power plant options. As expected the distribution for
weekdays is close to associated observations for the flexible portfolio (compare figure
6.14) and on weekend days both the overall portfolio value drop and its allocation
only to option 1 are even identical for the two portfolios. These identical results arise
because in both portfolios options 2 and 3 will almost never run on weekend days due to
applied technical constraints in combination with comparably high strike prices. This
makes option 1 always the natural choice to serve reserve requirements on weekend days
– and both portfolios are effectively reduced to single option portfolios on weekend days
eliminating any dependency of the overall value on technical constraints as explained
in section 5.2.1. Consequently both portfolio values must exactly match on weekend
days.
6.5.3 Unflexible option portfolio subject to heavy reserve
requirement
Similar to the impact of minor reserve requirement also the general impact of heavy
reserve requirement is similar in the unflexible and the flexible portfolio. Figure 6.23
shows daily results of individual options of the unflexible portfolio subject to Respos =
1.0 which can directly be compared to associated results of the flexible portfolio (figure
6.15). In this setup at least two options are needed to serve the reserve requirement
leading to a significant additional value drop, Delta increase and Gamma decrease of
option 2 with respect to results of the unflexible portfolio subject to a minor reserve
requirement (figure 6.21). As explained for the flexible portfolio (section 6.3.3) option
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Fig. 6.23: Daily results of all three options of the unflexible option portfolio subject to a heavy
reserve requirement of Respos = 1.0 (dashed lines) in comparison to analytical results of
fully flexible options (solid lines). Pmin = 0.3 and Pmax = 1.0 identical for all options.
Option 1: tup = 20, tdown = 12, κ = 50, option 2: tup = 18, tdown = 10, κ = 60, option 3:
tup = 12, tdown = 8, κ = 70. n = 5m.
3 acts as a call option in the portfolio context which can be exercised by option 1
whenever it is more economically to run option 1 at maximum load and shift reserve
allocation to option 3. This leads to negative values, Deltas and partly negative Gamma
results for option 3. This effect is more pronounced for the unflexible portfolio than
for the flexible portfolio as stricter technical constraints of the unflexible portfolio lead
to a higher effective strike price of option 3 pushing this option further out of the
money – and thereby amplifying the negative impact on all results. Especially on the
first days of the valuation tenor option 3 shows very low Gamma results. This is due
to the fact that option 3 will almost never be dispatched when it is in the money as
the applied price volatility makes such required high price realisations very unlikely.
Therefore option 3 is only dependent on dispatch decisions of the other two options
and has no remaining flexibility which is indicated by the negative Gamma results.
Figure 6.24 provides the associated distribution of the portfolio value drop due to the
increase of Respos from 0.0 to 1.0 between all three options of the unflexible portfolio.
As expected also these results are very close to corresponding results of the flexible
portfolio as provided in figure 6.16.
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Fig. 6.24: Distribution of the average absolute value drop of the unflexible portfolio subject to a
heavy reserve requirement of Respos = 1.0 with respect to results of the unflexible portfolio
without reserve requirements (weekdays: black, weekend days: gray). n = 5m.
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Fig. 6.25: Dependency of average daily value, Delta and Gamma of both the flexible portfolio (dashed
lines) and the unflexible portfolio (dashed-dotted lines) on the level of positive reserve
requirement (Top: weekdays, Bottom: weekend days).
6.6 Comparison of portfolio value impacts of reserve
requirements
Sections 6.3 and 6.5 provide detailed discussions of the impact of positive reserve re-
quirement on individual options of either the flexible or the unflexible option portfolio.
This section complements these analyses by a direct comparison of the reserve depen-
dency of cumulated results of both portfolios in order to identify all general response
differences of the two portfolios with respect to applied reserve requirements.
Figure 6.25 shows average daily results separated by weekdays and weekend days
of both the flexible and the unflexible portfolio subject to different levels of applied
positive reserve requirement between 0.0 and 1.5. As expected for Respos = 0.0 the
value of the flexible portfolio exceeds the value of the unflexible portfolio on weekdays
due to a generally lower impact of technical constraints on the flexible portfolio. On
weekends both portfolio values are almost identical which indicates, that both portfo-
lios are deep out of the money and try to serve reserve requirement as cost effective
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as possible - which implies using the same strike price driven order of option dispatch.
Both observations are consistent with the more detailed analyses of sections 6.3 and
6.5.
For a high reserve requirement of Respos = 1.5 the portfolio values also converge on
weekdays due to the fact that in both portfolios all options are needed in parallel to
serve the applied level of reserve requirements. According to section 5.2.1 the impact
of minimum up- and down-time constraints vanishes once the entire portfolio is forced
to run at least at minimum load in all hours. This is the case for Respos = 1.5
consequently leading to the observed identical portfolio values.
Consistently with sections 6.3, 6.5 and the argumentation above Delta is lower for
Respos = 0.0 in the unflexible portfolio than in the flexible portfolio while Gamma
is higher. Both sensitivities converge for the high reserve requirement in line with
the observed convergence of the portfolio values. Weekend day sensitivities are very
close in both portfolios which is obviously due to almost identical dispatch patterns as
explained above.
Remarkably even though starting from a lower value without reserve requirements
on weekdays, the unflexible portfolio looses more value than the flexible portfolio when
the reserve requirement is increased from 0.0 to 0.6. This changes for a further increase
towards 1.0 and 1.5 where the unflexible portfolio looses significantly less value than
the flexible portfolio until both portfolio values finally converge at Respos = 1.5. Fig-
ure 6.26 directly shows the absolute value drops of both portfolios on the left hand
side, in the middle the same value drops normalised by the applied level of reserve
requirement and on the right hand side the differences between absolute and relative
value drops of both portfolios. Especially the comparison of normalised value drops
clearly demonstrates that the value decrease is higher for the unflexible portfolio until
Respos = 0.6 and lower for higher reserve requirements. This effect can be explained
by using the concept of online ratios as discussed in the following paragraphs.
Online ratios Whenever a reserve requirement leads to additional runtime of op-
tions which otherwise would have been offline this is typically more expensive in the
unflexible portfolio than in the flexible portfolio due to longer minimum up-times of
all options of the unflexible portfolio. This can systematically be quantified via an
analysis of online ratios especially on weekday hours with comparably low prices, i.e.
with hourly curve adjustment factors below 1.0. An online ratio denotes the share
of hours with hca factor < 1.0 when the power plant option is running of the total
amount of hours with hca factor < 1.0. Especially these hours will typically lead to
reduced value contributions of the respective power plant options. Figure 6.27 provides
online ratios for all options of both flexible and unflexible portfolio subject to different
positive reserve requirements between 0.0 and 1.0. In addition the visualisation shows
incremental deltas of these online ratios when Respos is varied between two discrete
values. Table 6.2 provides the same data in numerical form.
Starting from zero reserve requirement and increasing Respos to 0.3, the weekday
online ratio of option 1 increases from 41.5% to 100% in the flexible portfolio, the online
ratio of option 2 increases from 1.9% to 5.4% and the online ratio of option 3 from 0.1%
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Fig. 6.26: Left: absolute difference between average daily values of both the flexible (dashed lines)
and the unflexible (dashed-dotted lines) portfolio subject to different reserve requirements
with respect to the same portfolios without any reserve requirement,
Middle: left graph, normalised by the applied level of reserve requirement,
Right: differences between reserve impact on both portfolios (dashed lines: difference of
absolute value impact, dashed-dotted lines: difference of normalised value impact).
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Fig. 6.27: Left: dependency of weekday online ratios of all options (solid lines: option 1, dashed
lines: option 2, dashed-dotted lines: option 3) of the flexible (Top) and the unflexible
portfolio (Bottom),
Right: incremental change of the online ratios of all options with respect to the case
without reserve requirements in percent points when the level of reserve requirement is
increased (light gray: option 1, dark gray: option 2, black: option 3).
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to 0.6%. In the unflexible portfolio the online ratio of option 1 increases from 49.6% to
99.8%, the one of option 2 from 17.0% to 22.9% and the one of option 3 from 3.8% to
5.5%. The unflexible portfolio obviously starts with a higher online ratio of rather low
priced hours, leading to the comparably lower initial portfolio value only due to higher
technical constraints of all options of the unflexible portfolio. Although the cumulative
increase of online ratios is higher in the flexible portfolio the increase in the unflexible
portfolio is more significant for option 2 and 3 - which leads to higher additional cost
due to their higher strike prices. This is the explanation for the relatively higher value
decrease of the unflexible portfolio when the reserve requirement is increased from 0.0
to 0.3.
Increasing Respos further from 0.3 to 0.6, in the flexible portfolio the online ratio of
option 1 stays at 100%, the one of option 2 increases from 5.4% to 8.8% and the one
of option 3 increases from 0.6% to 1.2%. In the unflexible portfolio the online ratio of
option 1 is only marginally changing from 99.8% to 98.6%, the online ratio of option
2 increases from 22.9% to 27.4% and the one of option 3 increases from 5.5% to 7.8%.
Thus the online ratios of options 2 and 3 increase in total by 6.8 percent points in
the unflexible portfolio while only by 4.0 percent points in the flexible portfolio. This
again explains the relatively higher value decrease in the unflexible portfolio than in
the flexible portfolio when reserve requirement is increased from 0.3 to 0.6.
At Respos = 1.0 two options are always needed to run in parallel in order to serve
the reserve requirement. In the flexible portfolio this condition is almost exclusively
met by options 1 and 2 in case of low priced hours, both options having online ratios
of 100%. Compared to Respos = 0.6 the online ratio of option 2 jumps by 91.2 percent
points from 8.8% to 100%, while option 1 stays at 100% and the online ratio of option
3 increases slightly from 1.2% to 2.1%. In the unflexible portfolio the online ratio of
option 1 changes only marginally from 98.6% to 100%, the one of option 2 increases
heavily from 27.4% to 95.4% and option 3 doubles from 7.8% to 14.0%. However in
total this cumulated increase of 75.6 percent points is significantly below the associated
increase of 92.1 percent points in the flexible portfolio which is the reason for the rel-
atively smaller value decrease of the unflexible portfolio when the reserve requirement
is increased from 0.6 to 1.0.
Figure 6.26 also shows a very small online ratio effect on weekends but the overall
value decrease is negligible with respect to the strong impact of the increasing weekday
must-run condition on both deep out of the money portfolios.
6.7 Sensitivities of reserve requirements in different
option portfolios
Section 6.6 compares portfolio value changes of all analysed option portfolios driven
by an increasing amount of applied positive reserve requirement. This approach can
easily be extended towards the sensitivities Delta and Gamma and therewith allows to
quantify the impact of an increased reserve requirement on the value and risk profile
of each portfolio. Furthermore, by comparing results of a portfolio subject to a given
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positive reserve requirement (Respos)
result type 0.0 0.3 0.6 1.0
value 722.35 557.03 527.62 40.37
(-165.62) (-194.73) (-681.98)
online ratio option 1 41.5% 100.0% 100.0% 100.0%
flexible (+58.5%) (+58.5%) (+58.5%)
portfolio online ratio option 2 1.9% 5.4% 8.8% 100.0%
(+3.5%) (+6.9%) (+98.1%)
online ratio option 3 0.1% 0.6% 1.2% 2.1%
(+0.5%) (+1.1%) (+2.0%)
value 616.94 442.40 376.80 -29.79
(-174.54) (-240.14) (-646.73)
online ratio option 1 49.6% 99.8% 98.6% 100.0%
unflexible (+50.2%) (+49.0%) (+50.4%)
portfolio online ratio option 2 17.0% 22.9% 27.4% 95.4%
(+5.8%) (+10.3%) (+78.3%)
online ratio option 3 3.8% 5.5% 7.8% 14.0%
(+1.8%) (+4.1%) (+10.2%)
Table 6.2: Overview of weekday values and associated online ratios of individual options of both
flexible and unflexible portfolio. Numbers in brackets denote deltas with respect to results
without any applied reserve requirements (i.e. Respos = 0.0).
reserve requirement with results of the same portfolio without any reserve requirements
it is also possible to indirectly evaluate the entire impact of the reserve requirement
itself. The impact is equivalent to the value and risk profile of the respective reserve
requirement in the context of the evaluated power plant option portfolio. This indirect
method is used in this thesis to derive both daily values and sensitivities of different
amounts of positive reserve requirements in the portfolio context of the flexible, the
split flexible and the unflexible portfolio.
Figure 6.28 shows the absolute impact of different positive reserve requirements on
daily values, Deltas and Gammas of all three option portfolios and therewith the value
and risk profile of the reserve requirements themselves. The indirect method leads
to reduced Monte-Carlo convergence levels especially in case of Gamma. However
weekday results of the second week can still clearly be distinguished (and have the
additional advantage that they are not influenced by boundary effects of the finite
valuation tenor). In general the results as presented in figure 6.28 show the same trends
as discussed in sections 6.3, 6.4 and 6.5, i.e. the portfolio values and Gammas decrease
with increasing positive reserve requirements while Deltas increase. The structural
impact on daily results is similar for the flexible and the unflexible portfolio (both
with three individual options each) while the split flexible portfolio is usually less
affected by applied reserve requirements.
Interestingly the reserve impact on the portfolio Delta is typically positive while the
same reserve requirements yields a reduced Gamma. A naive approach to replicate the
impact of reserve requirements on a power plant portfolio could be to simply add a
negative power plant (i.e. a short option position) to the original portfolio – according
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Fig. 6.28: Absolute impact of an increasing positive reserve requirement on daily portfolio values,
Deltas and Gammas of the flexible portfolio (Top), the split flexible portfolio (Middle) and
the unflexible portfolio (Bottom). Solid lines: Respos = 0.3, dashed lines: Respos = 0.6,
dotted lines: Respos = 1.0, dashed-dotted lines: Respos = 1.5.
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Value Delta Gamma
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Fig. 6.29: Same results as shown in figure 6.28 but normalised by the level of applied reserve require-
ment. Solid lines: Respos = 0.3, dashed lines: Respos = 0.6, dotted lines: Respos = 1.0,
dashed-dotted lines: Respos = 1.5.
to the logic that a reserve requirement must generally reduce the optionality of the
portfolio, which can be replicated by an artificial short option position. However this
approach would imply a negative impact on both Delta and Gamma of the portfolio
and this is clearly not consistent with our results.
As mentioned before, the exact impact of a reserve requirement on an option portfolio
strongly depends on the underlying hourly price structure in combination with the
moneyness and further technical constraints of all involved options. Obviously the
naive replication of reserve requirements via short options is not applicable in our setup
of small portfolios, stylised out of the money options and heavily photovoltaics driven
hourly prices. Even though this conclusion cannot be generalised it serves as a strong
indication that the impact of reserve on different portfolios can be counterintuitive and
it is highly recommended for operators of small physical portfolios to carefully analyse
the impact of reserve constraints on their specific portfolio in advance of marketing or
hedging decisions. As demonstrated, the Proxy Simulation Scheme approach can be a
valuable tool to support such analyses.
Figure 6.29 shows the same results as figure 6.28 but normalised by the amount of
applied positive reserve requirement. The negative values can directly be interpreted
as specific cost per unit reserve requirement arising in case a portfolio is forced to
serve reserve requirements, e.g. when the owner of the portfolio has sold a reserve
contract to an external counterparty. In this case the owner of the portfolio needs to
103
6 Sensitivities of option portfolios
Value Delta Gamma
 -14
 -12
 -10
  -8
  -6
  -4
  -2
   0
 0.3  0.6  1  1.5
 0.0
 0.1
 0.2
 0.3
 0.4
 0.5
 0.3  0.6  1  1.5
-0.10
-0.08
-0.06
-0.04
-0.02
0.00
 0.3  0.6  1  1.5
w
ee
k
d
ay
 -30
 -25
 -20
 -15
 -10
  -5
   0
 0.3  0.6  1  1.5
 0.0
 0.2
 0.4
 0.6
 0.8
 1.0
 0.3  0.6  1  1.5
-0.10
-0.05
0.00
0.05
0.10
 0.3  0.6  1  1.5
w
ee
ke
n
d
Fig. 6.30: Absolute impact of different positive reserve requirements on average daily results for
weekdays and weekend days of the flexible portfolio (dashed lines), the split flexible port-
folio (dotted lines) and the unflexible portfolio (dashed-dotted lines).
be compensated at least by the cost of reserve arising for his portfolio in order to not
loose money in the transaction. At the same time the owner is able to hedge the sold
reserve contract with linear products and options in the electricity market by following
a standard Delta-Gamma hedge strategy that bases on sensitivities as provided in
figures 6.28 and 6.29.
Remarkably while absolute results show a monotonous dependency on the level of
reserve requirements for all portfolios (figure 6.28) this is not true for normalised results.
According to figure 6.29 the specific cost of reserve is lowest for Respos = 0.6 in both
the flexible and the unflexible portfolio, whereas in the split flexible portfolio the
most cost effective reserve level is 0.3. This is due to the fact that in the first two
portfolios the reserve imposed must-run condition is similar for 0.3 and 0.6 positive
reserve requirement as in both cases at least one of the three options is obliged to
run in all hours. As the must-run condition leads to the major share of the portfolio
value reduction, the specific cost of reserve is obviously smaller for the higher overall
reserve requirement of 0.6. In contrast the more fragmented split portfolio is able
to always allocate a different number of smaller options to serve the imposed reserve
requirements. This implies a step wise increase of the must-run condition on the
portfolio which is consistent with the monotonous dependency of the daily values on
the level of applied reserve requirement in figure 6.29.
Figures 6.30 and 6.31 provide a visualisation of average absolute and normalised
weekday and weekend day results of different positive reserve requirements. This gives
a comprehensive overview about all trends and different portfolio implications as dis-
cussed for daily results in figures 6.28 and 6.29 above.
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Fig. 6.31: Same results as shown in figure 6.30 but normalised by applied level of positive reserve
requirement.
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7 Approximate sensitivity derivation
As employed in the previous chapters, the Proxy Simulation Scheme method offers
a huge advantage over standard Monte-Carlo approaches in terms of computational
cost savings. However, long valuation tenors in combination with complex portfolio
setups can still lead to numerical performance issues. In this chapter we discuss the
applicability of three alternatives for the derivation of portfolio sensitivities ∆ and Γ
which explicitly focus on an additional reduction of computation time.
At first we use a truncated rolling intrinsic valuation tenor instead of solving the
mixed integer optimisation problem for all remaining hours in each time step of each
Monte-Carlo realisation as before. Secondly we apply a simple heuristic for the deter-
mination of the portfolio dispatch being significantly faster than even truncated rolling
intrinsic valuation. The third method bases on polynomial approximations of the re-
sults of a very small number of Monte-Carlo realisations which leads to surprisingly
close sensitivity approximations at negligible computational costs.
7.1 Truncated rolling intrinsic valuation tenor
As discussed in sections 3.2.1 and 5 technical constraints of power plant options lead
to potentially strong time coupling effects between dispatch decisions of individual
options at different points in time. The length of these temporal interdependencies
naturally defines the required length of the mixed integer optimisation problem whose
solutions determine the option dispatch realisations. The hourly length of the problem
should always exceed the maximum impact length of the time coupling effects in order
to yield unbiased dispatch realisations. However at the same time it is recommended to
use the shortest applicable mixed integer problem for receiving the maximum amount
of numerical cost savings without inducing numerical artifacts.
In order to define this shortest appropriate length we apply a direct numerical ap-
proach that still bases on full rolling intrinsic valuation as presented in section 3.2.3.
In a first step this standard implementation is used to derive 100 stand-alone hourly
dispatch realisations of all options of the flexible and the unflexible option portfolio
(compare section 6.2) for a 14 day valuation tenor. In a second step these dispatches
are artificially modified for a certain hour l˜ and all preceding hours as follows:
1. If the evaluated power plant option has been running in hour l˜ of an original
dispatch realisation, its load is set to zero in hour l˜ and all preceding hours l < l˜.
2. If the evaluated power plant option has been offline in hour l˜ of an original
dispatch realisation, it is started in hour l˜ while its load is set to zero in all
preceding hours l < l˜.
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Fig. 7.1: Absolute frequency of hourly lengths of artificial dispatch modifications for stand alone
options of the flexible portfolio (gray lines; dotted: tup/down = 8/8, κ = 50, dashed:
tup/down = 4/4, κ = 60, solid: tup/down = 2/2, κ = 70) and the unflexible portfolio
(black lines; dotted: tup/down = 20/12, κ = 50, dashed: tup/down = 18/10, κ = 60, solid:
tup/down = 12/8, κ = 70).
All dispatch modifications until and including hour l˜ are then allocated as fixed pa-
rameters preventing them from any further changes by the mixed integer solver. l˜
covers a time frame of 7 days starting from the first hour of the second day of the
valuation tenor, i.e. l˜ ∈ [25, 192]. In a third step the standard valuation framework
is used to derive final dispatch realisations of all hours of the 14 days valuation tenor
for all combinations of l˜ and original dispatch realisation where exactly the same price
evolutions are applied as valid for the original dispatch realisation. By comparing these
final dispatches with the original dispatches it can be determined until which hour l > l˜
the applied modification impacts the final hourly dispatch realisation. This length can
directly be interpreted as one stochastic realisation of the required length of the time
coupling effect.
Impact decay rates of artificial dispatch modifications In total the approach gen-
erates 7 × 24 × 100 = 16800 stochastic impact lengths whose absolute frequency is
provided for all options of the flexible and the unflexible portfolio in figure 7.1. The
distribution curves show distinctive spikes at hourly impact lengths of tpup, t
p
down and
associated combinations and multiples. This can be explained by the fact that an
artificial start of option p comparably often enforces the option to run tpup hours be-
fore the successive hourly dispatch can be aligned by shutting down the option again
(spike at l˜ = tpup). The same argumentation is valid in case of artificial shut-downs
that lead to a spike at l˜ = tpdown. Smaller spikes are due to temporal interdependencies
between consecutive start and shut-down decisions. Obviously the technically more
constrained options of the unflexible portfolio show generally longer impact lengths of
dispatch modifications and therefore generally longer time coupling effects than the
options of the flexible option portfolio.
A more comprehensive visualisation of this effect is given by figure 7.2 which shows
the percentage of modified dispatch realisations whose impact length exceeds a certain
amount of hours as displayed on the x axis. These curves can be interpreted as impact
decay rates of the artificial dispatch modifications. Table 7.1 provides a summary of
associated numerical results. The length of time coupling effects of options 2 and 3 of
the flexible portfolio is below 12 hours for all realisations while the technical constraints
of option 1 (tup/down = 8/8, κ = 50) lead to time coupling even above 2 days of the
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Fig. 7.2: Percentage of modified dispatch realisations with impact length exceeding the number of
hours as shown on the x axis (impact decay rate) for all options as shown in figure 7.1.
tup/tdown: 8/8 4/4 2/2 20/12 18/10 12/8
κ: 50 60 70 50 60 70
20% 14 2 0 28 19 10
10% 20 3 0 35 33 10
5% 24 5 0 43 48 11
2% 36 10 1 60 65 16
1% 42 10 2 68 80 19
Table 7.1: Number of hours exceeded by x% of the impact length of modified dispatch realisations
for different stand alone options.
valuation tenor. In contrast options 1 and 2 of the unflexible portfolio are affected
by time coupling for a period up to 4 days and only option 3 leads to comparably
moderate impact length below 48 hours.
Definition of truncated rolling intrinsic approaches Based on this analysis a length
of 2 days of the mixed integer problem should be appropriate for all stand-alone options
of the flexible options portfolio while a shorter tenor of 1 day should still be sufficient
for options 2 and 3. The same 2 days tenor could be questionable for a valuation of
options 1 and 2 of the unflexible portfolio but should be sufficient for option 3, whereas
a 1 day tenor is clearly not appropriate for the unflexible portfolio.
For a systematical assessment of these expectations we evaluate the flexible portfolio,
the split flexible portfolio and the unflexible portfolio with and without positive reserve
requirements by using the following three truncated rolling intrinsic approaches:
1. 1 day rolling intrinsic without taking historical dispatch decisions into account,
2. 1 day rolling intrinsic taking historical dispatch decisions into account,
3. 2 days rolling intrinsic taking historical dispatch decisions into account.
Obviously the first approach offers the largest numerical cost advantage due to a
significantly reduced mixed integer optimisation problem. However as this approach
does not take historical dispatch decisions into account it systematically overestimates
the flexibility and therefore the value of the evaluated option portfolios.
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Results of truncated rolling intrinsic approaches This is confirmed by figures 7.3
and 7.4 showing a comparison of average portfolio results as derived by full rolling
intrinsic and the three truncated rolling intrinsic approaches. Both figures provide
results of the flexible, the flexible split and the unflexible portfolio subject to three
different levels of positive reserve requirements including Respos = 0.0, Respos = 0.3
and Respos = 1.0. 95% confidence intervals are indicated by gray areas or error bars.
Figure 7.3 shows average results for weekdays and figure 7.4 shows associated results
for weekend days. Especially for the unflexible portfolio both figures show clearly
that 1 day rolling intrinsic without taking historical dispatch decisions into account
tends to overestimate portfolio values with respect to full rolling intrinsic results. In
contrary 1 day rolling intrinsic taking historical decisions into account leads to partly
significant underestimations for the unflexible portfolio. This can be interpreted as
a general information bias which occurs as future price information are only taken
into account for the next 24 hours and neglected afterwards, leading to an insufficient
utilisation of the entire available market information. The bias is no longer visible
when the rolling intrinsic tenor is extended to 2 days effectively doubling the involved
market information. This still highly simplified setup yields surprisingly low deviations
to numerical results of full rolling intrinsic valuation even for the unflexible portfolio.
However this observation can be understood with the help of figure 7.2 which shows,
that a 48 hours rolling intrinsic tenor covers more than 90% of the time coupling
effects of the unflexible portfolio without reserve requirements. This obviously limits
the induced approximation error and leads to the close alignment between fully flexible
results and results of the 2 days truncated rolling intrinsic approach.
Truncated results of the flexible portfolio show very similar behavior on weekdays as
discussed for the unflexible portfolio as long as no reserve requirement is applied. For
weekend days or in case of positive reserve requirements all truncated methods yield
similar results which are very close to results of the full rolling intrinsic valuation. On
weekend days the reason for this observations lies within the limited dispatch variations
as all power plant options are deep out of the money and are typically offline as long
as they are not required to serve reserve requirement. This simple dispatch behavior
can obviously be covered even by a 1 day rolling intrinsic without taking historical
dispatch decisions into account. According to figure 7.2 only option 1 is affected by
a truncated rolling intrinsic valuation of 1 day which could lead to result deviations
between the different truncated valuation approaches. However, as discussed in section
6, in case of reserve requirements option 1 usually serves the major part of the portfolio
reserve requirement leading to a strong limitation of dispatch flexibility of this option.
The resulting dispatch pattern can obviously be replicated even by a heavily truncated
rolling intrinsic tenor of 1 day.
Apart from averaged portfolio values it is also interesting to compare the daily struc-
ture of results as calculated via full and truncated rolling intrinsic. From the impact
decay analysis (figure 7.2) it can be expected that those structures should be compa-
rable for the flexible and the flexible split portfolio as both portfolios contain options
with similar technical constraints. Indeed the truncated valuation approaches lead to
similar result structures for these portfolios even in case of reserve requirements as can
be seen in figure 7.5 providing a comparison of daily results of the flexible portfolio
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Fig. 7.3: Comparison of average daily results for weekdays of all portfolios as derived with full rolling
intrinsic Monte-Carlo (solid lines, gray areas indicate 95% confidence intervals) with results
from 1 day rolling intrinsic without history (rectangles), results from 1 day rolling intrinsic
taking historic dispatches into account (diamonds) and results from 2 days rolling intrinsic
taking historic dispatches into account (circles). n = 3m realisations for all simplified
Monte-Carlo simulations.
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Fig. 7.4: Weekend day results corresponding to figure 7.3.
based on full rolling intrinsic and all three truncated rolling intrinsic approaches.
This good alignment is no longer generally valid for results of the unflexible portfolio
as demonstrated by figures 7.6 and 7.7. Similar results can only be observed for the
2 days rolling intrinsic approach while the two 1 day tenors lead to significant numer-
ical artifacts. Especially the combination of a 1 day valuation tenor and utilisation
of historic dispatches leads to significant daily result spikes as the approach bases its
dispatch decisions on incomplete information about the future and thereby does not
take technical constraints correctly into account. This leads to suboptimal dispatch
decisions being beneficial for the respective day but then affecting the entire hourly
dispatch of the subsequent day as technical constraints are fully considered retrospec-
tively. The lengths of minimum up- and down-times allow a correction of this dispatch
decision only during the second day after the original decision. This interdependency
yields the characteristic 2 days spike structures which can be observed both without
and with positive reserve requirement in figures 7.6 and 7.7.
7.2 Heuristic approach via rules of thumb
The great advantage of a heuristic approach to derive the dispatch of the option portfo-
lios lies in its superior numerical performance. This is due to the fact that the heuristic
approach replaces the time consuming solution of a mixed integer problem by a com-
parably simple numerical decision algorithm. Obviously this routine should be able to
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Fig. 7.5: Daily results of the flexible option portfolio subject to minor reserve constraints (Respos =
0.3) based on full rolling intrinsic (solid lines), 1 day rolling intrinsic without history (dashed
lines), 1 day rolling intrinsic with history (dotted lines) and 2 days rolling intrinsic with
history (dashed-dotted lines). Gray areas indicate associated 95% confidence intervals.
n = 3m realisations for all simplified simulations.
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Fig. 7.6: Results of the unflexible option portfolio without reserve constraints (similar to figure 7.5).
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Fig. 7.7: Results of the unflexible option portfolio subject to a minor reserve constraint of Respos =
0.3 (similar to figure 7.5).
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cover the most significant value drivers appropriately on the basis of a limited number
of decisions, in order to derive a dispatch which is not necessarily the optimal dispatch
but ideally close.
In case of a portfolio of power plant options subject to technical constraints and
reserve requirements the heuristic approach can be very complicated when it tries to
cover all constraints in parallel. In addition this procedure would potentially be very
close to solving the mixed integer optimisation mip problem and would therefore not be
a great invention with respect to the typical approach as used in this thesis. Instead a
natural and more straight forward approach is to define the reserve serving power plant
options either ex-post or ex-ante and thereby to decouple the treatment of technical
constraints and portfolio constraints as imposed by the reserve requirement.
Definition of dispatching heuristics In order to come up with a simple but nonethe-
less sensible heuristic we chose the latter method and propose three slightly different
heuristics that allocate the reserve requirements to individual power plant options be-
fore the remaining options are ”freely”dispatched. A structural flowchart of this reserve
allocation algorithm is provided in figure 7.8. The heuristic effectively bases only on a
very small number of steps:
1. For day q = k collect all plants which are generally able to serve reserve require-
ments, i.e. plants that have already been running in the last hour before day k
or can be started in the first hour of day k.
2. Order these plants ascending by the absolute difference between their strike and
the base load electricity price of day k. In case of a 2 day heuristic the average
base load price of days k and k + 1 is applied.
3. Based on this order allocate as much reserve requirement to these individual
plants as possible, i.e. the entire range between maximum and minimum load if
requested.
4. If all reserve requirement has been allocated, the last affected option is subject
to a must-run condition but may have some spare dispatch flexibility. It will be
dispatched optimally on an hourly basis.
5. All other options will be ”freely” dispatched according to the second part of the
heuristic approach.
A flowchart of the second part of the heuristic approach is provided in figure 7.9. It
essentially performes the following steps:
1. For day q = k collect all plants which do not serve reserve requirements.
2. Start with the first plant p and the first hour of day k.
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Fig. 7.8: Flowchart of implemented heuristic approach to ex-ante allocation of reserve constraints to
individual power plants.
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3. If the plant has been offline in the hour before it will be started in case this is
economically, i.e. whenever the power plant shows a positive value contribution
for an hourly block of tpup and as long as the start should not be delayed by one
hour.
4. If the plant has been online in the hour before it will be shut down in case this is
economically, i.e. whenever the power plant shows a negative value contribution
for an hourly block of tpdown and as long as the shut down should not be delayed
by one hour.
5. Otherwise the status of power plant p remains unchanged.
6. Proceed to next hour of day k and perform the same decision until the last hour
of day k is reached.
7. Proceed to the next power plant and start again with the first hour of day k.
The three heuristic approaches all base on the same algorithmic structure as pre-
sented in figures 7.8 and 7.9. However they differ in both the time period which is
applied to derive the absolute differences between strike prices and the base load elec-
tricity price (i.e. the amount of future price information that is taken into account for
reserve allocation) and in the usage of historic dispatch information:
1. No historical dispatches are taken into account and a 1 day time period is applied
to derive the absolute differences between strikes and the base load electricity
price in course of reserve allocation.
2. Historical dispatches are taken into account and a 1 day time period is applied
to derive the absolute differences between strikes and the base load electricity
price in course of reserve allocation.
3. Historical dispatches are taken into account and a 2 days time period is applied
to derive the absolute differences between strikes and the base load electricity
price in course of reserve allocation.
Results of dispatching heuristics Similar to figures 7.3 and 7.4 figures 7.10 and 7.11
show average results of the flexible, the split flexible and the unflexible portfolio based
on all three heuristics in comparison to associated results of the full rolling intrinsic
approach.
The heuristics work rather well for both the flexible and the split portfolio - which
are not heavily affected by technical constraints - as long as no reserve requirements are
applied on the portfolio level. In contrast it shows significant deviations for the unflex-
ible portfolio even without any reserve requirements indicating, that the chronological
dispatching approach (figure 7.9) may still be too simplistic for this more complex
optimisation problem.
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Fig. 7.9: Flowchart of implemented heuristic dispatching approach for all plants not serving reserve
requirements.
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Fig. 7.10: Comparison of average daily results for weekdays (basis is 2. week of valuation tenor) of all
portfolios as derived with full rolling intrinsic Monte Carlo (solid lines, gray areas indicate
95% confidence intervals) with results from 1 day heuristic without history (rectangles),
results from 1 day heuristic taking historic dispatches into account (diamonds) and results
from 2 days heuristic taking historic dispatches into account (circles). n = 6m realisations
for all heuristics.
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Fig. 7.11: Weekend day results corresponding to figure 7.10.
In case of imposed reserve requirements all heuristics significantly underestimate
the portfolio values on weekdays but show a surprisingly good alignment on weekends.
This is possible as all options are generally deep out of the money on weekends and
reserve is typically served only by the cheapest options in the portfolio as shown in
figures 6.22 and 6.24. The same options are also chosen by the heuristic approach
trying to minimise the absolute difference between option strike prices and the daily
base load forward price. Therefore the heuristics are able to replicate rolling intrinsic
portfolio values very well in this special setup.
However portfolio Deltas are generally underestimated for all reserve serving port-
folios on weekdays and weekend days and Gamma results also tend to be downwards
biased. These deviations are not improved by an extension of the price period in the
first part of the heuristics from 1 day to 2 days. The ex-ante reserve allocation ap-
proach is obviously not suited to cover all portfolio dependencies in case of imposed
positive reserve requirements.
In addition to the analysis of average portfolio results it is again interesting to
compare the daily structure of heuristic results with the structure of results based on
full rolling intrinsic. Similar to figures 7.5, 7.6 and 7.7 the figures 7.12, 7.13 and 7.14
provide daily results based on all three heuristics of the flexible portfolio subject to
minor reserve requirements, the unflexible portfolio without reserve requirements and
the unflexible portfolio subject to minor reserve requirements in comparison to full
rolling intrinsic results.
In contrast to the shortened rolling intrinsic methods as discussed in section 7.1
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Fig. 7.12: Daily results of the flexible option portfolio subject to minor reserve constraints (Respos =
0.3) based on full rolling intrinsic (solid lines), 1 day heuristic without history (dashed
lines), 1 day heuristic with history (dotted lines) and 2 day heuristic with history (dashed-
dotted lines). Gray areas indicate associated 95% confidence intervals. n = 6m realisations
for all simplified simulations.
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Fig. 7.13: Results of the unflexible option portfolio without reserve constraints (similar to figure
7.12).
the heuristic approaches show rather bad alignment with full rolling intrinsic daily
results of the flexible and flexible split portfolio. Surprisingly the structure of results
is comparably well aligned for the unflexible portfolio without reserve requirements
apart from a significant downwards bias as already observed in the discussion of av-
erage portfolio results. In case of absent reserve requirements (figure 7.13) almost no
difference can be observed between 1 day and 2 day heuristic with history due to the
fact the these heuristics only differ in the way they treat reserve requirements. But
when the unflexible portfolio is subject to minor reserve requirements (figure 7.14) this
alignment entirely breaks and the comparison of result structures shows significant
deviations. Also this analysis of the structure of daily results supports the conclusion
that the applied simplistic heuristic approaches are not able to cover all intra-portfolio
dependencies adequately.
7.3 Polynomial sensitivities
In the preceding sections 7.1 and 7.2 we discussed numerical results of simplified dis-
patching approaches including truncated rolling intrinsic methods and heuristics, which
both offer significant numerical cost savings but are simultaneously affected by result
biases for more complex portfolio setups. In this section we present a completely dif-
ferent approach that bases on polynomial approximations of daily dispatches Dk,i and
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Fig. 7.14: Results of the unflexible option portfolio subject to a minor reserve constraint of Respos =
0.3 (similar to figure 7.12).
payoffs fk,i for a small number of Monte-Carlo realisations i = 1, . . . , n. The underlying
idea is similar to the method of Fu et al. (2012) with the general difference that they
analysed the dependency between payoff and initial forward price instead of payoff and
realised (forward) price.
Figure 7.15 shows 1000 realisations of Dk,i and fk,i of the flexible portfolio subject
to a minor reserve requirement of Respos = 0.3 on a typical weekday, ordered by the
associated daily base load price realisation Xk,i(tk). In addition figure 7.15 provides
linear least squares fits of the dependency of daily dispatches on daily price realisations
and quadratic fits of the dependency of daily payoffs on daily price realisations. The
quadratic expression of fk seems to be reasonable as approximately
Dk = aXk(tk) + b (7.1)
for a huge subset of realised prices and the daily payoff of option p can most simplis-
tically be expressed as
fk(Xk(tk)) = Dk · (Xk(tk)− κp) ∼ (Xk(tk))2 . (7.2)
Please note that the observed linear dependency between realised payoff and realised
daily price cannot be generalised but is heavily depending on both the applied hourly
price shape and the characteristics of the evaluated options.
Expression (7.2) motivates a Taylor expansion of the daily dispatch fk(Xk(tk))
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Fig. 7.15: Top: 1000 daily dispatch realisations of day 10 (i.e. k = 10) for all options of the flexible
portfolio subject to minor reserve constraints (Respos = 0.3) over associated daily price
realisations and linear function fit.
Bottom: 1000 daily payoff realisations for the same setup and quadratic polynomial fit.
around the average daily realised price Xk(tk) = Xk(t0) (50 on weekdays, 30 on week-
end days)
fk(Xk(tk)) = fk(Xk(tk)) (7.3)
+
∂
∂Xk(tk)
fk(Xk(tk))
(
Xk(tk)−Xk(tk)
)
+
1
2
∂2
∂(Xk(tk))2
fk(Xk(tk))
(
Xk(tk)−Xk(tk)
)2
+ O
((
Xk(tk)−Xk(tk)
)3)
.
The coefficients of this polynomial expression can be estimated via a quadratic approx-
imation of fk
(
Xk(tk)−Xk(tk)
)
and can directly be interpreted as estimators of the
sensitivities ∆k and
1
2
Γk. Associated analytical expressions can be derived from (7.2)
as follows:
∂
∂Xk(tk)
fk (Xk(tk)) =
∂
∂Xk(tk)
(Dk · (Xk(tk)− κp))
=
∂
∂Xk(tk)
(
a(Xk(tk))
2 − (aκp + b)Xk(tk)− bκp
)
= 2aXk(tk)− aκp + b, (7.4)
∂2
∂(Xk(tk))2
fk (Xk(tk)) = 2a. (7.5)
Figures 7.16 and 7.17 show these daily polynomial sensitivities for the flexible and
the unflexible portfolio without reserve requirements and subject to positive reserve
requirements of 0.3 and 1.0 in comparison to full rolling intrinsic results. Obviously
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Fig. 7.16: Daily results of the flexible option portfolio based on full rolling intrinsic (black lines) in
comparison to polynomial sensitivities (gray lines) without reserve requirement (solid),
subject to Respos = 0.3 (dashed) and subject to Respos = 1.0 (dotted).
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Fig. 7.17: Daily results of the unflexible option portfolio based on full rolling intrinsic (black lines)
in comparison to polynomial sensitivities (gray lines) without reserve requirement (solid),
subject to Respos = 0.3 (dashed) and subject to Respos = 1.0 (dotted).
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Fig. 7.18: Dependency of average weekday and weekend results on the level of applied reserve require-
ment based on full rolling intrinsic (black lines) in comparison to polynomial sensitivities
(gray lines) for the flexible portfolio (dashed) and the unflexible portfolio (dotted).
the polynomial sensitivities replicate the temporal structure surprisingly well, although
they are slightly downwards biased. Remarkably this rough semi-analytical approach
is even able to cover the extreme characteristics of Delta and Gamma of option 3 of
the unflexible portfolio in case of a high positive reserve requirement (Respos = 1.0).
The general bias becomes more distinct in a visualisation of average results rather
than daily figures as shown in figure 7.18. The reason for this bias lies in the polynomial
approach that relies on the simplifying expression (7.2) for the daily payoff fk which
also affects the calculation of sensitivities. Instead of this direct linear dependency
on Dk, fk actually depends on hourly dispatches d
l
k of all hours l of day k and the
associated hourly prices Xk(tk) ·αlk defining the hourly payoffs:
fk =
24∑
l=1
dlk
(
Xk(tk) ·αlk − κp
)
. (7.6)
In addition ∆k does not only depend on fk but rather on the entire expected payoff of
the valuation tenor
∑m
j=1 fj:
∆k =
∂
∂Xk(t0)
E
[
m∑
j=1
24∑
l=1
dlj
(
Xj(tj) ·αlj − κp
)]
=
∂
∂Xk(t0)
E
[
m∑
j=1
(
Xj(tj)
24∑
l=1
dljα
l
j − κp
24∑
l=1
dlj
)]
. (7.7)
The last term of (7.7) is identical to the daily dispatch, i.e. Dj =
∑24
l=1 d
l
j, but in
addition the expression depends on a weighted sum of hourly dispatches
∑24
l=1 d
l
jα
l
j.
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Fig. 7.19: 1000 realisations of αj,i for all 14 days of the valuation tenor and all options (black: option
1, dark gray: option 2, light gray: options 3) of the flexible portfolio subject to minor
reserve constraints (Respos = 0.3). Compare to figure 7.15.
The formula could be much simplified if our data gave evidence about a linearity
between this weighted sum and the cumulated daily dispatch Dj, i.e.
24∑
l=1
dljα
l
j ≈ αjDj. (7.8)
Here the daily coefficients αj are estimated via
αj =
1
n
n∑
i=1
1
Dj,i
(
24∑
l=1
dlj,iα
l
j,i
)
:=
1
n
n∑
i=1
αj,i. (7.9)
Figure 7.19 provides exemplary realisations of αj,i for all options of the flexible option
portfolio subject to minor reserve requirements of Respos = 0.3. Evidently these nu-
merical results show a strong vertical clustering of αj,i which supports the validity of
assumption (7.8). Hence it is possible to write expression (7.7) in a more comprehensive
form:
∆k ≈ ∂
∂Xk(t0)
E
[
m∑
j=1
(Xj(tj)αjDj − κpDj)
]
. (7.10)
For exemplary reasons we stick to the above approximation of Dj = aXj(tj) + b
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leading to the following analytical expressions of the sensitivities ∆k and Γk:
∆k ≈ ∂
∂Xk(t0)
E
[
m∑
j=1
(Xj(tj)αj (aXj(tj) + b)− κp (aXj(tj) + b))
]
=
∂
∂Xk(t0)
E
[
m∑
j=1
(
αja (Xj(tj))
2 + (αjb− κpa)Xj(tj)− κpb
)]
≈ E
[
2αkaXk(tk)
∂Xk(tk)
∂Xk(t0)
+ (αkb− κpa) ∂Xk(tk)
∂Xk(t0)
]
= E
[
(2αkaXk(tk) + αkb− κpa) ∂Xk(tk)
∂Xk(t0)
]
(7.11)
Γk =
∂
∂Xk(t0)
∆k = E
[
2αka
(
∂Xk(tk)
∂Xk(t0)
)2]
, (7.12)
with ∂
2
∂(Xk(t0))2
Xk(tk) = 0. The structure of these expressions is very close to the
polynomial sensitivities (7.4) explaining the good replication of the structure of daily
results as shown in figures 7.16 and 7.17. However the existence of quadratic and mixed
terms of O
(
Xk(tk)
∂Xk(tk)
∂Xk(t0)
)
and the factor αk lead to structural differences between
both expressions, whereby the absolute impact of both disturbances is of different size.
An estimation of the impact of the mixed terms is possible by elaborating the ex-
pressions of the sensitivities and taking advantage of main features of the implemented
forward price process:
∆k = 2αkaE
[
Xk(tk)
∂Xk(tk)
∂Xk(t0)
]
+ (αkb− κpa)E
[
∂Xk(tk)
∂Xk(t0)
]
︸ ︷︷ ︸
=1
= 2αkaE
[
Xk(t0)
(
exp
(
−1
2
(σ∗k(t0))
2 tk + σ
∗
k(t0)
√
tkdx
))2]
+ (αkb− κpa)
= 2αkaXk(t0) exp
(
(σ∗k(t0))
2 tk
)
+ (αkb− κpa) (7.13)
Γk = 2αkaE
[(
∂Xk(tk)
∂Xk(t0)
)2]
= 2αka exp
(
(σ∗k(t0))
2 tk
)
. (7.14)
Here dx ∼ N(0, 1). In the context of our chosen volatility term structure (and t ≤
14/365) the following assessment holds:
‖ exp ((σ∗k(t0))2 tk)− 1‖ < 3%. (7.15)
Therefore the implied negative bias of the mixed terms will be rather small.
The impact of the hourly dispatch distribution and therewith the hourly price struc-
ture is more significant. Figure 7.19 indicates that typically
‖αk − 1‖ < 30%. (7.16)
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αk is always positive and will lead to an additional and more significant negative bias
than the mixed terms.
The combination of both effects is well able to explain the observed bias in general.
However the differences are heavily dependent on the model setup and a professional
usage of polynomial sensitivities would require a detailed error analysis whenever a
minor model variation is implemented. The method is very interesting on the one
hand side as it provides a rough estimation of the general structure of sensitivities in
extremely short time and sometimes with surprisingly well accuracy. On the other hand
the method provides biased results which never leads to a great level of confidence. It
can be applied wherever all interdependencies within a model setup are understood in
detail and when practitioners clearly understand the size of the bias and are able to
correct it accordingly. In case of quickly changing model parameters or highly complex
and intransparent problems this simplified approach cannot be recommended.
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8 Concluding remark
A proper knowledge of values and sensitivities of both first and second order (∆ and Γ)
of their generation assets with respect to the market price of electricity is mandatory for
utilities in order to perform adequate risk management and to decide about portfolio
adjustments. In this thesis we achieve to derive values and Monte-Carlo sensitivities ∆
and Γ for a variety of stylised electricity generation portfolios by utilizing the numerical
advantages of the Proxy Simulation Scheme method. We are able to analyse the impact
of increasing external reserve requirements on the sensitivities of all portfolios, thereby
providing an indirect evaluation of both value and the ∆–Γ risk profile of reserve
contracts in different portfolio contexts.
Our results – in combination with the provided detailed backtesting – can serve as
a solid starting point for further applications of the Proxy Simulation Scheme method
also in the more energy focussed academic community. We see a particularly large
potential in an extension of our work in the following directions.
Technical details In this thesis we focus on the evaluation of stylised power plant
options, constrained by minimum up- and down-times and minimum and maximum
loads. This allows to replicate key dispatch characteristics of real power plants but
is only a selection of the entire range of technical constraints of physical generation
assets. It would be interesting and highly relevant for practitioners to extend the level
of technical details also towards ramp rates, load dependent efficiencies or start-up
costs (to name a few) and investigate associated effects.
Portfolio size We present the impact of a simple portfolio fragmentation on our re-
sults. However physical generation portfolios can include a significantly larger number
of assets with a broad variation of technical constraints and profitability, motivating
an enlarged portfolio study with the aim to analyse whether the observed portfolio
effect is scalable.
Price shape We apply hourly prices of electricity that are heavily affected by a strong
photovoltaic energy production profile, hence showing comparably low midday prices
and high prices in shoulder hours. It would be interesting to define generic future price
shapes for different European countries and compare the associated impact on both
value and sensitivities of reserve requirements in order to assess opportunities of highly
flexible assets in the different markets.
Multi-commodity setup Our analyses base on a single-commodity setup with the
market price of electricity being the only source of risk. This does only allow to derive
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electricity price ∆ and Γ which is effectively close to the widely accepted industry
approach of applying ceteris-paribus sensitivities. However by expanding the model to
a multi–commodity setup it would also be possible to analyse fuel or spread sensitivities
and compare their hedge efficiencies.
Valuation tenor and granularity We focus on daily results for a valuation tenor up
to 14 days, thereby covering only a small part of the typical hedging period of physical
generation portfolios which usually includes all sufficiently liquid electricity and fuel
forward products. In addition the Proxy Simulation Scheme method can easily be used
for longer or shorter valuation tenors and forward price curves with higher or lower
granularity – thus opening an entire field of research ranging from quarter hour sen-
sitivities in the intraday electricity market to seasonal fuel sensitivities of generation
portfolios.
In any case we would highly recommend to implement the Proxy Simulation Scheme
method for the regular evaluation of a small physical generation portfolio in order to
receive historic backtesting data and to test the method in the real market environ-
ment.
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